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Abstract

This work presents a new method for characterising forests with remote sensing data using numer

ical scene simulations and spatial statistics. The principal study area is Cat Tien National Park, 

Vietnam. This site has undergone both recent changes in vegetation composition associated with 

population pressures, as well as historical changes due to military activities during the 1960s and 

70s and provides an appropriate location for spatio-temporal monitoring of forest structure.

The principal remote sensing data used comprises a set of panchromatic declassified air-photos 

(1965-1966). The lack of flight details for these makes established techniques for exterior orien

tation impractical. An alternative means to geo-rectifying these data is therefore presented. This 

focuses on a new application of a stereomatching algorithm, where a disparity model, related to 

topographic features, is first built and then co-registered to a geo-referenced elevation model to 

provide the transformation required to correct the air-photos.

These geo-rectified data are then processed for forest parameter extraction. Scene modelling is 

used to produce simulations of varying ground structure. A geo-optical model is used to capture 

the shape and size distribution of objects in the scene, and to allow for crown shading on the trees. 

The scene variogram is considered as a combination of spatial interactions between scene elements 

(crown and ground), which are described by ‘component variograms’. These are examined under 

differing scene specifications, and used to explore and explain the mechanisms responsible for 

variations in scene variogram ‘range’ across multi-spectral data. The scene simulations provide a 

set of candidate model variograms, derived from physical realisations of scene structure, for use 

in inverting the experimental scene variogram, where forest structural parameters are derived from 

the realisation associated with the best fit.

Results are presented for the high resolution air-photos, and validated using local image histogram 

analysis, given the lack of in situ data for the time of acquisition. The method in this context ap

pears to be robust and results suggest it can be applied to large areas for forest parameter mapping.

Applications of the method to alternative datasets are also examined, with a consideration of neces

sary adaptations, given changes in spatial, spectral, angular and temporal sampling. These focus on 

a set of AirMISR images acquired over the SAFARI 2000 site of Mongu, Zambia. Although these 

suffer from a poorer spatial resolution, the spectral and angular sampling is greatly improved (4 

bands and 9 angles of data). In this case, scene simulations are used in conjunction with measures 

of local variance (rather than semivariance) for inverting structural parameters. Results presented 

for this dataset are poor, although this is shown to be attributable to the initial sensor calibration, 

rather than to the method itself.
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1.1 Vegetation Dynamics and Land Cover Change in the Tropics

Vegetated areas within the tropics are characterised by spatial heterogeneity at a range of scales. 

This encompasses spatial variations in forest extent, type and structure that inevitably exist on a 

global scale but may also be present within both regional and local areas. Such variations arise 

from changes in vegetation structure or cover that may be induced by one of two processes; natural 

dynamics present in the ecosystem; or anthropogenically accelerated change. The former includes 

changes to the structure of a vegetation community caused by ‘natural’ disasters such as wildfires, 

droughts, windstorms or mudslides. Lightning in particular, is largely responsible for the widely 

present natural clearings found in tropical forests. The lifespan of such clearings varies but tends 

to be short due to the presence of active ecosystems that cause any natural damage to be quickly 

replaced with regenerating vegetation. Seasonality can also play a part in the natural dynamics of 

a tropical forest, although seasonal differences in forest structure tend to be limited to the semi

evergreen forests of higher ground.

Anthropogenic influences in tropical land cover change come under the well publicized term de

forestation, which can be defined as the conversion of forested land to non-forested land (Watson 

et al. 2000). This principally refers to the clearing of natural vegetation and is a practice that has 

become widely adopted throughout the tropics in the form of unmanaged and unchecked logging 

and clearance for cultivation at both local and regional scales. It often occurs at such an acceler

ated rate that the forest does not have time to revert to its natural state before being re-visited for 

further clearance.

In a global analysis of forest resources there is no doubt that deforestation is a major contributor 

to land cover change in the tropical regions of the world. On the other hand, forested areas in 

developed countries found at higher latitudes are largely stable and in some cases may even be 

characterised by a slight annual increase in total forest biomass (FAQ 2001b). This increase is 

generally attributable to recently adopted programs of afforestation and reforestation, implemented 

in response to a growing international concern as discussed in Section 1.2 below. These programs 

account for an estimated annual rate of 5.2 million hectares of land cover change in terms of 

reforestation (FAO 2001b). However, this is not enough to counteract the rate of deforestation, 

which is reported to be 14.6 million hectares per annum (FAO 2001b). This results in a net annual 

change in worldwide forest area of -9.4 million hectares^ and although these estimates are global 

by nature, it is well established that the majority of forest clearance and land cover change occurs 

within the tropical belt (Skole et al. 1998).

Given an estimated total worlwide forested area of 3870 million hectares (FAO 2001b), it can be

'Note that these figures relate to estimates made over the period 1990-2000.
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seen that a total decimation of forest resources would require over 400 years of consistent land 

cover change at the current rate. However, the ever-increasing understanding of the role forests 

play in influencing the human habitability of the planet has led to a growing call for putting a halt 

to large-scale deforestation and an international recognition of the need for a continued monitoring 

and assessment of forest resources. These are discussed in more detail below.

1.2 The Need for Forest Monitoring

The importance of forest monitoring (at both a global and regional scale) is multi-faceted, although 

primarily revolves around three particular issues: sustainability, the emission of greenhouse gases 

and climate change. The latter two are inextricably linked and focus on applications regarding the 

carbon budget.

1.2.1 Sustainability

Traditional issues of sustainability focus on the continued ability of forests to provide adequate 

supplies of wood for fuel and construction as well as resources required for the paper and other 

associated industries. In addition there are well established issues of sustainability associated 

with the maintainance of ecological processes and protecting fragile ecosystems. These revolve 

around issues of soil erosion and watershed protection as well as more publicized issues regarding 

biological diversity and the need for forests as a source of biological resources and genetic mate

rial for bio-technology. Deforestation and associated changes in vegetation cover may lead to an 

increased risk of soil erosion, mudslides, floods or fires. It also tends to cause a decrease in bio

diversity through the loss of endemic plant and animal species during clearance. This, in addition 

to the inevitable loss of soil fertility, makes regeneration slow and difficult. Monitoring is there

fore important for local government practices to manage forest resources in a sustainable manner 

for both forestry and small scale subsitence purposes. It is also imperative for the protection of 

endangered habitats and the continued survival of individual species.

Approximately 12% of the worlds forests may be found in “protected areas” (FAO 2001b), where 

national or international legislation has been brought into force to specifically address these issues 

of sustainability. In addition, a number of Non-Government Organisations (NGOs) that dedicate 

themselves to promoting an understanding for the need of biodiversity and sustainable forest re

sources exist, the most famous of which is most likely the World Wildlife Fund (WWF).

As well as the environmental factors listed above, a number of anthropogenic factors are often 

included in the debate for forest sustainability. These focus around the inherent rights and equitable
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treatment of indigenous peoples although have, in more recent years, been expanded to include the 

potential of forested areas for promoting recreational activities and ‘eco-tourism’.

1.2.2 The Carbon Factor

Forests play an important role in the global carbon cycle. They may be thought of a reservoirs 

of carbon; retaining it in their live biomass, decomposing organic matter and soil (FAO 2001a). 

Carbon is then exchanged with the atmosphere through photosynthesis, respiration, decomposition 

and combustion. These natural stores and exchanges of carbon are necessarily altered through 

anthropogenic activities inducing land cover change. If reforestation is occuring and the area or 

productivity of a forest is increasing it is clear that there will be a greater uptake of carbon and the 

forest will act as a carbon sink. If on the other hand, a forest is subjected to clearance a number of 

processes will release carbon into the atmosphere and the forest rapidly becomes a carbon source. 

Forest management can therefore be seen to be influential in determining whether forests act as 

sinks or sources of carbon. Given the large scale of worldwide deforestation noted above, the 

latter may be considered particularly significant in affecting the global carbon budget. Indeed, 

it has been estimated that tropical forest regions account for 90% of global emissions of carbon 

dioxide (Skole et al. 1998). When a forest is cleared (particularly in the tropics) it is common 

practice to bum a large percentage of aboveground biomass. This releases carbon rapidly into 

the atmosphere. Any other forest products that are not burned on-site but are removed for future 

industrial use will also contain carbon that will be released post-use. In addition, forest clearing 

accelerates the decay of dead wood and litter as well as stocks of below-ground organic carbon 

(Watson et al. 2000).

The well publicized links between increasing levels of atmospheric carbon dioxide and global 

climate change (commonly referred to as the ‘greenhouse effect’), coupled with numerous pre

dictions of potential effects associated with an increasing global temperature, have provided the 

incentive for research aimed at developing a more clear understanding (and modelling of) the car

bon budget. Given the influence of forest biota in the carbon cycle, this has been accompanied by 

a growing political interest in the monitoring of forests on a global and regional scale.

1.2.3 International Recognition 

UNCED

The first real international recognition of the need for forest management and monitoring came 

at the United Nations Conference on Environment and Development (UNCED), held in Rio de 

Janeiro in 1992. This conference was notoriously controversial with regard to the forest issue and
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served to catalyse the debate and action on forest management. Despite an initial polarisation 

of developed and developing countries, it eventually provided the first global consensus on the 

approach to forests and resulted in the creation of the ‘Non-Legally Binding Authoritative State

ment of Principles for a Global Consensus on the Management, Conservation and Sustainable 

Development of All Types of Forests’ the so-called ‘Forest Principles’ document. This document 

was created as a guideline to the conservation and sustainable development of forests, particularly 

encouraging of reforestation and claims to be applicable to all forests, natural or planted, in all 

geographical zones (UN 1992). In it, forests are recognised as complex and individual ecosystems 

of social and economic use in terms of both their capacity to provide resources as well as their 

inherent biological diversity worthy of preservation. The Forest Principles upholds the right of na

tion states to use, manage and develop forests within their national boundaries, although presents 

financial incentives to encourage the conservation of forest resources.

The Kyoto Protocol

Measures and resolutions taken at UNCED were followed by a legally-binding commitment signed 

at the United Nations Framework Convention on Climate Change (UNFCCC) in 1997, more com

monly referred to as the Kyoto Protocol. This document deals explicitly with forestry issues; 

principally the saving of forests as carbon sinks. Within the first year it received 84 signatures and 

by February 2003 it was reported that 111 parties had ratified or acceded to it (UN 2003). The Ky

oto Protocol originally mandated industrialised nations to decrease their emissions of greenhouse 

gases^ between 2008 and 2012 to 5% below 1990 levels with penalties applied for non-compliance. 

It has since lowered this figure to 4% due to the non-compliance by the U.S. in 2001.

Other UN Initiatives

In addition to the UNCED and Kyoto Protocol, a number of other UN initiatives have been put 

in place to ensure the conservation and sustainable development of forest resources. These be

gan with the establishment of the Intergovernmental Panel of Forests (IPF) in 1995, which was 

replaced with the Intergovernmental Forum on Forests (IFF) in 1997 and continues with its cur

rent manifestation as the United Nations Forum on Forests (UNFF), established by the Economic 

and Social Committee of the UN in October 2000. The published objective of the UNFF is to 

"‘'promote the management, conservation and sustainable development o f all types o f forest and to 

strengthen long term political commitment to this eruf (UNFF 2003). Its policies are based on the

^Note that the Protocol deals with six greenhouse gases in particular: carbon dioxide, methane, nitrous oxide, 
sulphur hexaflouride, hydrofluorocarbons and perfluorocarbons.
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UNCED Forest Principles and it aims to enhance international co-operation and co-ordination on 

forest related issues.

FAO

The Food and Agriculture Organisation (FAO) has long been involved in monitoring and inven

torying the worlds forests. It has listed the addressing of issues surrounding climate change and 

biodiversity as one of its priorities and as such, is heavily involved in promoting the conservation 

and sustainable management of forest resources. The FAO has widely acknowledged the important 

role of forest management in the global cycle of carbon and has listed the potential contributions 

of forests towards emission reductions, carbon storage and carbon sequestration (FAO 2001b).

A recognition of the fact that international documentation of carbon change in forests relies largely 

on national forest surveys which are often outdated, rudimentary or unreliable led the FAO to 

pioneer the use of earth observation (FO) data in forest resource assessment. As early as 1980 

the FAO is reported to have used remote sensing data (Landsat MSS imagery) to map vegetation 

in a limited number of countries (Bied-Charreton et al. 1996). In 1990 the FAO used pairs of 

Landsat Thematic Mapper (TM) scenes in tropical forest monitoring and has since extended its 

use of remote sensing data to temporal analysis of all forests considered by the FAO. Since then 

there has been a large body of work aimed at using earth observation data for forest monitoring 

and this forms the focus of the following section.

1.3 The Role of Remote Sensing

The sections above have identified the management and monitoring of forests as a global issue, 

with a large number of organisations requiring constant updates on the state of the worlds forests. 

National measurements for reports made regarding compliance with the Kyoto Protocol are based 

on methodologies defined by the Intergovernmental Panel on Climate Change (IPCC), which use 

both geographical and statistical information and include the use of models based on accepted 

principles of remote sensing (Watson et al. 2000).

With the relatively recent advent of civilian satellite systems such as Landsat (which was first 

launched in 1972), earth observation data have had an increasingly large role in natural resource 

management and have been widely applied to the problem of monitoring forests. It should be 

noted however, that remote sensing methods pre-date the use of satellite imagery, since aerial 

photographs have long been recognised as a valuable source of information in studies examining 

vegetation dynamics and land cover change. The use of aerial photographs is widely regarded as
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common practice in the fields of forest inventorying where the high spatial resolution is particu

larly advantageous to distinguishing between forest types and individual species. Even since the 

availability of satellite data offering a broader spectral and spatial extent of data there are still oc

casions when aerial photography holds an advantage over space-bome imagery: research focused 

on the long-tem temporal effects of land cover change often involve timescales that pre-date the 

arrival of satellite data and in these cases historical aerial photography may constitute the only 

source of remotely sensed data available.

Remote sensing data (both aerial photographs and satellite data) provide a unique source of infor

mation regarding forest monitoring since they are capable of providing consistent information over 

wide areas within a short period of time. Variations in the temporal and spatial sampling of re

mote sensing data make them a convenient tool for examining the state of forests at multiple scales 

and developing an understanding of complex inter-related processes between forests and climate 

change. Given these advantages, there has been a growing international effort to incorporate the 

use of remote sensing data for global and regional forest monitoring.

1.3.1 Efforts Towards Incorporating EO Data into Forest M onitoring

Efforts towards incorporating EO data into forest monitoring may be broadly classified into one 

of two categories: a) the formation of a number of projects and institutions designed to promote 

forest monitoring with EO data; and b) the design and construction of a suite of remote sensing 

instruments specifically designed with forest and vegetation monitoring in mind.

CEOS

The Committee on Earth Observation Satellites, more commonly referred to as CEOS, was created 

in 1984. It is an international organisation aimed at co-ordinating international civil spacebome 

missions designed to observe and study the planet Earth (CEOS 2003). CEOS members include 

over 41 space agencies and other national and international organisations and provides a major 

international forum for the implementation of remote sensing techniques for studying the Earth’s 

ecosystems. In 1996 a working group was convened by CEOS to discuss an Integrated Global 

Observing Strategy (IGOS), which resulted in the establishment of six pilot projects dealing with 

key areas of earth observations (Janetos and Ahem 1997). One of these was designed specifically 

for forest monitoring: Global Observations of Forest Cover and Land Dynamics (GOFC-GOLD).
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GOFC-GOLD

GOFC-GOLD is probably the most significant contributor to promoting worldwide forest moni

toring. It has been described as an international effort to provide ongoing space based and in 

situ observations o f forest and other vegetation cover for sustainable management o f terrestrial 

resources and to obtain an accurate, reliable and quantitative understanding o f the terrestrial 

carbon budget’' (GOFC-GOLD 2003). Although originally developed as a CEOS pilot project, 

GOFC-GOLD is now well established as a permanent panel of the Global Terrestrial Observing 

System. It is primarily focused on providing operational forest monitoring on a global and regional 

scale. It has been specifically designed to address issues regarding the carbon cycle, forest invento

rying and international policy, and aims to provide both global and regional data relevant to these. 

The detail of these data, and their means of extraction, vary according to the spatial resolution of 

the EO imagery used to compile them (Skole et al. 1998). Three primary ‘themes’ of reseach have 

been identified (GOFC 1999):

Forest Cover Characteristics and Change This is the largest and most far-reaching of the 

three themes, aimed at providing data for carbon budget studies (to estimate global biotic sink 

and source terms and stratify vegetation and land cover for emission models) as well as to support 

international policy-making decisions. At a coarse resolution, it includes the consistent production 

(every five years) of thematic maps of land cover; quantified estimates of forest cover change; and 

spatial analysis of forest density. The former is done through various methods of classification 

(see Chapter 2); the middle through change detection methods concentrating on identifying radio- 

metric differences between multi-temporal data; and the latter through multiple methods including 

mixture modelling, spectral regression and the spatial aggregation of classifications (Skole et al. 

1998). The low resolution products are supported by a framework of high resolution change de

tection analysis aimed at both monitoring variations in the extent and characteristics of multiple 

forests and identifying patterns of disturbance.

Forest Fire Monitoring Given the significant contribution of forest fires (both wild and anthro

pogenically induced) to carbon emissions and forest disturbance, a large body of research has been 

directed at monitoring and quantifying the effects of forest fires. The GOFC-GOLD approach uses 

data from coarse resolution sensors with high revisiting capabilities (such as AVHRR and MODIS) 

to produce active fire products as well as products aimed at identifying and mapping consequent 

bum scars.

Forest Biophysical Processes This theme includes the use of a number of products related to 

biophysical parameters including Leaf Area Index (LAI), fraction of Photosynthetically Active
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Radiation (fPAR) and Net Primary Productivity (NPP) primarily developed using coarse resolution 

MODIS data (described below). In addition to the MODIS products, high resolution data (both 

optical and radar) are used to provide quantified estimates of forest extent as well as delineate 

variations in the structural and functional classes of forests. These data may then be used for 

supporting reports on reforestation, afforestation and deforestation required for compliance with 

the Kyoto Protocol (GOFC 1999).

It can be seen that the emphasis of GOFC-GOLD products is placed on forest monitoring to address 

issues of worldwide concern such as global climate change. In addition to global organisations 

such as GOFC-GOLD there have been a number of national and regional efforts at addressing the 

forest issue and the potential for EO data in doing so.

NERC

NERC is an organisation aimed at promoting investigations related to UK environmental sciences, 

one of its focii being to provide ''the science to identify and provide sustainable solutions to the 

most pressing environmental problems” (NERC 2002). Regarding forest monitoring, this includes 

the formation of working groups aimed at examining the role of biodiversity, as well as the estab

lishment of the Center for Terrestrial Carbon Dynamics (CTCD), devoted to understanding the role 

of forests in the carbon cycle. The use of EO data for deriving information on forest characteristics 

has been recognised both by NERC as a whole as well as by the CTCD in particular (NERC 2003).

1.3.2 Specific Sensors for Forest Monitoring

It should be noted that the organisations described above constitute only a small part of the in

creasing effort at incorporating EO data to forest monitoring and have been given as examples 

only of the growing trend towards use of remote sensing techniques for the analysis of vegetation 

dynamics and land cover change on a regional and global scale. There is no doubt that the exis

tence of such organisations has promoted the use of EO data in forest monitoring. Flowever, a large 

impetus to forest research using remote sensing data has also been derived from the recent appear

ance of a large suite of instruments specifically developed with vegetation monitoring in mind. A 

brief description of some of the principal ones is given below, these excluding instruments such 

as Landsat TM and the Advanced Very High Resolution Radiometer (AVHRR) which have been 

widely used in vegetation studies but were not specifically designed with a forestry focus^.

^Note that the sensors described here are principally optical by nature. It is acknowledged that there are also a large 
number of radar instruments that are particularly useful for forest and vegetation monitoring, although these have been 
excluded here given the limited scope of this study.
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SPOT VEGETATION

VEGETATION is an instrument carried on the French ‘Satellite Pour Observation de la Terre’ 

(SPOT) 4, launched in 1998. It is a wide field of view sensor that captures data at a spatial 

resolution of 1km and a high temporal resolution with daily revisit capacity (WWW 2003d). It 

operates in the optical domain providing data in four spectral bands (blue, red, near-infrared and 

short-wave infrared) that are particularly useful in vegetation monitoring.

MODIS

TERRA forms part of the NASA Earth Observing System (EOS), which is an international study 

of the Earth that includes a series of satellites specifically designed to study the complexities 

of global change (WWW 2003b). The TERRA satellite was launched on February 24th, 2000 

and is set to collect terrestrial global data over a 15 year period using a set of five instruments. 

Of these, the most pertinent to forest monitoring studies are the MODerate resolution Imaging 

Spectroradiometer (MODIS) and the Multi-angle Imaging SpectroRadiometer (MISR).

MODIS operates in 36 spectral wavebands over the visible and infrared and provides data at a 

spatial resolution of 250m, 500m and 1km with a near-daily imaging capacity. Of particular in

terest with regard to MODIS data is the production of a large number of standard data products 

aimed at global change research as reviewed in Justice et al. (1998). A number of these focus 

on applications for forest and vegetation monitoring and include land cover maps as well as the 

biophysical parameter products referred to above (LAI, fPAR and NPP). In all cases, the products 

are generated with peer-reviewed algorithms. In addition to the biophysical parameter products, a 

Vegetation Cover Conversion (VCC) and a Vegetation Continuous Fields (VCF) product are avail

able for studies of land cover change. These are both provided at 500m spatial resolution and use 

multiple image composites. The VCC product uses multiple spectral and textural change detection 

algorithms to identify areas of vegetation cover change and serves as an alarm for highlighting ar

eas of rapid change that may require further analysis with higher resolution data (MODIS 2003a). 

The VCF product examines vegetation and tree cover at a subpixel level and uses proportional es

timates of cover (developed from global training data using high resolution data and phonological 

metrics) with a regression tree to get global figures of percent cover (MODIS 2003b).

MISR

The MISR instrument is also carried on board TERRA and provides data in 4 spectral bands (red, 

green, blue, near-infrared) at a spatial resolution of 275m, 550m and 1.1km. It is described in 

detail by Diner et a l (1998b). The principal advantage of MISR is its multi-angular capability.
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collecting data at nine different view angles (0°, ±26.1°, ±45.6°, ±60.0°, ±70.5°). This allows 

for the collection of more detailed information regarding vegetation structure and although the 

instrument has been primarily aimed at cloud and aerosol studies, the advantages for forest and 

vegetation monitoring are many.

New and Upcoming Sensors of Interest

There are a number of new and upcoming sensors that may be considered of particular interest 

to forest monitoring and mapping. These include the Compact Hyperspectral Resolution Imaging 

Spectroradiometer (CHRIS), which provides data that is both multi-angular (with 5 view angles) 

and hyper-spectral (with 18 to 62 spectral wavebands), of variable spatial resolution (34-17m^) 

and is well suited for the retrieval of forest parameters (O’Dwyer 1999).

Another sensor of interest is the proposed SPECTRA (Surface Processes and Ecosystem Changes 

Through Response Analysis) instrument, which is specifically aimed at describing, understanding 

and modelling both the role of vegetation and forests in the global carbon cycle and its response to 

anthropogenically induced climate variability (ESA 2003). The instrument is expected to collect 

data using multiple view angles over a wide spectral range from the visible to thermal infrared.

In addition, the Advanced Land Observing Satellite (ALOS), aboard which are the three sensors 

PRISM (Panchromatic Remote-sensing Instrument for Stereo Mapping), AVNIR-2 (Advanced 

Visible and Near-Infrared Radiometer) and PALSAR (Phased Array type L-band Synthetic Aper

ture Radar). All of these offer opportunities for forest and vegetation monitoring.

With regard to radar sensors other than PALSAR, one of particular interest may be the TerraSAR 

instrument, which should be launched by 2005 and aims to provide polarimetric radar measure

ments in the X and L bands at a high spatial resolution (up to Im in the case of the former).

1.4 Study Aim

The sections above have described both the need for forest monitoring as well as the role EO data 

may have in accomplishing it. Vegetation dynamics and land cover change have been identified as 

features worthy of analysis at multiple spatial scales. In addition, they have been recognised as on

going natural and anthropogenically enhanced characteristics of terrestrial ecosystem development 

that have been in place over long time scales. As such, methods developed for the interpretation 

of remote sensing data should be applicable not only to data from the more recent instruments 

specifically designed for vegetation monitoring, but also to data derived from older satellite data 

as well as the historical archives of aerial photography (or spy satellite data) that pre-date the 

advent of civilian satellite systems. Current methods tend to be data specific, particularly in terms
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of spatial resolution. Multi-resolution methods, particularly within the GOFC-GOLD project, have 

focused on various methods of image classification. The problems with these kinds of methods 

are multi-faceted and are discussed in Chapter 2 (Section 2.1.3).

The principal aim of this project was therefore to develop the framework for a robust and 

accurate method for forest parameter mapping with remote sensing imagery, operable over 

multiple variant datasets. Specific objectives are given in Section 1.5 below.

To accomplish this, there are a number of preliminary factors to consider. The first concerns the 

choice of forest parameters upon which to focus. The use of forest structural parameters was 

chosen primarily based on the fact that the mix of structural elements in any given vegetation 

community may be thought to be indicative of forest type. Forest structure may be essentially 

defined using a combination of descriptors such as tree size, shape, density, spacing, height and 

layering. Different forests display variations in the structure of vegetation present, for example the 

difference between multi-layered and single layered canopies or variations associated with dense 

and sparse canopies. Furthermore, distinctions in the type and abundance of species present for 

each forest type will cause differences in the height and shape of vegetation on the ground, i.e. the 

structure. A characterisation of forest structure (both spatial or temporal) may therefore be used 

to provide data on vegetation patterns and abundance, identify differences between primary and 

regenerated forest, be used to describe the size and distribution of forest canopy gaps, or to identify 

the presence of stress and damage at crown and canopy scales. The need for comprehensive 

assessments of forest structural variations has also been identified in the context described above 

of quantifying carbon fluxes for policy-makers (Skole et a l 1998).

Within the definition of forest structural parameters, there is the additional obvious question of 

which parameters in particular should be considered. This was dictated by the fact that the use of 

remote sensing data requires the parameters to be discernable from above, within the uppermost 

canopy. Three forest structural parameters were chosen for particular consideration above others:

1. Crown size The mean size of individual tree crowns in the uppermost canopy within a given 

unit area.

2. Crown density The number of trees per given unit area.

3. Canopy Cover The proportion of ground occupied by the perpendicular projection of tree 

crowns down on to it (%).

These three offer the parameters most easily quantified using remote sensing methods that, at the 

same time, give a suitable description of canopy structure.

In addition to the choice of parameters, the choice of a suitable field site for which to conduct 

experiments was required. A limited spatial extent over which to conduct initial method develop

ment was considered essential so that any remote sensing data used could be supported with the
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collection of in situ measurements. The field site chosen was Cat Tien National Park in southern 

Vietnam. Reasons for this choice are given below and a fuller description of the site may be found 

in Chapter 3 (Section 3.2). A consideration of how the methods developed for Cat Tien may be 

placed within the wider context discussed in preceding sections is given at the end of the study in 

Chapter 8.

1.4.1 Cat Tien National Park as a Site o f Interest

The choice of Cat Tien as the principal field site was driven by a number of factors. Firstly, it 

has already received international attention as a site of interest deserving of conservation, which 

was considered important so as to ensure that the work herein did not become an isolated piece 

of research. Not only is it recognised as one of the last remaining examples of semi-evergreen 

and evergreen lowland forest in Vietnam but it also harbours several endangered fauna species. 

Both the WWF and the national Ministry of Forestry (MoF) for Vietnam have labelled Cat Tien 

as a ‘biodiversity hotspot’. The Park supports the only remaining population of Javan rhinoceros 

{rhinoceros sondiacus anamiticus) left in the world (Polet and Van Mui 1999). Furthermore, the 

Park lies at the conflux of two endemic bird areas (the Cochinchina and the Dalat Plateau) whose 

species inventories include abundant examples of birds of ‘global interest’ (Wuytack 2000). Within 

the Park lies the Ban Sau Wetland Complex, which has also attracted international attention as a 

unique and pristine freshwater wetland ecosystem that has recently been nominated as a Wetland 

of International Importance under the RAMSAR convention (Wuytack 2000).

Choice of Cat Tien was also influenced by the unique set of historical circumstances that have in

duced a well-documented temporal change in land cover dating back over fifty years. Cat Tien has 

consistently been a site of interest since the French occupation of Vietnam; first for reconnaissance 

then for military purposes, and most recently for its endangered flora and fauna. This means that 

data exist over a long time period at multiple spatial and spectral resolutions. Given the large-scale 

military defoliation in the 1960s and 1970s as well as socio-economic influences since then, the 

Park has also undergone large scale forest disturbance as discussed below. The combination of 

large scale land cover change and continuous data acquisition over long time periods make Cat 

Tien an ideal site for developing methods for forest monitoring.

Military Defoliation in Cat Tien

Military defoliation by the U.S.A. in Vietnam during the 1960s and 1970s was principally carried 

out with the use of a herbicide known as Agent Orange^. Agent Orange is a systemic herbicide that

“̂ The product of a 50-50 mix of two further herbicides: dichlorophenoxyacetic acid and 2,4,5 trichlorophenoyacetic 
acid (Meselson, perj. comm. 1999)
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was originally developed for use against forest vegetation to regulate growth and limit photosyn

thesis (Anonymous 1971). In Vietnam it was used in an undiluted form, under a herbicide spraying 

programme known as Operation Ranch Hand that was aimed at denying the Viet Cong cover and 

concealment (WWW 2002). The intensity of spraying activities was not uniform throughout Viet

nam but was concentrated in areas designated ‘high risk’. The most heavily sprayed region was 

located in the III CORPS Tactical Zone (CTZ) that contained Saigon, the waterways connecting it 

to the South China Sea and large tracts of dense forest in the south (Flamm 1970). The area that is 

now Cat Tien National Park fell within this zone and as such, was subjected to intense spraying.

A total area of 26 million acres of inland forests in Vietnam were sprayed with Agent Orange 

(Anonymous 1974). How many of these fell within the boundaries of Cat Tien is not known, 

although recovered partial records of individual spray missions suggest the number is high. In 

addition, imagery obtained from the spy satellite CORONA in 1969 clearly show large tracts of 

forest cleared through the effects of defoliating spraying missions (see Figure 1.1 (a)). As seen 

in Figure 1.1 (b) the effects of these are still evident 20 years later in some areas, although tracts 

within the Park boundaries that were subjected to defoliation have mostly regenerated to produce 

full cover, albeit of varying structure.

(a) CORONA data over south-east border of Cat 
Tien National Park (1969)

(b) Landsat TM data over south-west border of 
Cat Tien National Park (1989)

Figure 1.1: Extracts of data from the CORONA spy satellite (1969) and the civilian Landsat TM 
sensor (1989) over separate areas of Cat Tien, with the effects of defoliation runs clearly visible in 
both

The potential for long lasting effects of defoliation in Cat Tien National Park is principally de

pendent upon the susceptibility of dominant species to herbicide spraying and the probability of 

regeneration. Regarding the former, it should be noted that Lagerstroemia (one of the dominant 

species of Cat Tien) is highly susceptible to defoliation (with a single spray) whereas Dipterocarps 

(the other major endemic species of this area) are more resilient and require multiple treatments 

for long lasting damage to occur (Flamm 1970). Grasses and bamboos are similarly less affected
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and although they may exhibit some browning or partial top-kill, they tend to recover rapidly 

(Anonymous 1971). The climatic nature of the area is such that in cleared or damaged areas re

growth should be quick to follow. The problem for Cat Tien however, is that the species mix may 

be different; in particular there is a problem concerning the encroachment of bamboo and other 

invasive species since post defoliation the reproduction and colonisation of damaged forest areas 

by bamboo stands tends to be a rapid process (Drew 1974).

The destruction of a forest canopy by defoliation can therefore be said to undoubtably lead to a 

change in species mix and forest composition, if not a permanent scar of cleared land. This will 

manifest itself as a long-term change in forest structure and use of historical data over Cat Tien 

may therefore present an ideal means of developing a method for examining spatial and temporal 

variations in forest structure.

Socio-Economic Pressures Inducing Land Cover Change

In addition to the historical defoliation at Cat Tien, a number of pressures have led to more recent 

changes in land cover in the area. These essentially hinge on issues of increasing anthropogenic 

activities and a growing population. The first real influx of people came with the War in the 1960s. 

Cat Tien served as an army base to the Viet Cong, and large numbers of ethnic minorities from the 

northwest of Vietnam were recruited into the army and moved to the area (Khanh, pers. comm. 

2000). Most of these never returned and their families remain in and around the Park to this day.

In 1985, the real pressures on Cat Tien forest started, with the initiation of the New Economic 

Zone (NEZ) policy by the Vietnamese government. It was set up with the intention of overcoming 

the country's growing economic problems by moving people from overpopulated areas in the 

North to empty areas in the South. Around Cat Tien there was a lot of unoccupied land and 

several NEZs were established. By 1995, approximately 160,000 people were living in a buffer 

zone of about 67,225 ha around Cat Tien (Wuytack 2000). This mass influx resulted in a rapid 

transformation of the natural vegetation into cultivated land. It was also responsible for the large- 

scale deforestation in the buffer zone needed to provide the infrastructure for an ever-growing 

population. Figure 1.2 shows two false colour composites (using the near-infrared, red and green 

wavebands) over the northern border of Cat Tien National Park. The first was acquired using the 

Landsat MultiSpectral Scanner (MSS) in 1973 and the second using the Landsat Thematic Mapper 

(TM) in 1992. Considering the red portions of the images as representative of forest, the presence 

of large-scale deforestation and land cover change between the two is clearly visible.

Although the rate of incoming people has slowed down considerably, immigration continues today. 

The buffer zone is intensively inhabited and cultivated. Poor living conditions, a lack of education 

and poor health means that the people around the Park are forced to depend heavily upon the
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êsSi
(a) Landsat MSS scene over northern Cat Tien 
(1973)

(b) Landsat TM scene over northern Cat Tien 
(1992)

Figure 1.2: False colour composites of Landsat data over northern Cat Tien showing a clear rise in 
deforested areas between 1973 and 1992

protected forest resources. Agricultural activities are constantly overstepping the boundaries of 

the Park and illegal logging and poaching is still widely practiced (Manh, pers. comm. 2001). 

In addition, there are 12 state forest enterprises surrounding the protected area of the Park and 

pressure to admit these for selective logging is continuous (Wuytack 2000).

These changes mean that variations in vegetation cover and structure are continuous and the forest 

is in need of constant accurate monitoring to ensure both the conservation of current flora and 

fauna, as well as the sustainability of continued forest management and use.

1.5 Study Objectives

Within the context of the aim identified above, there were a number of specific objectives defined 

for this study. Initial objectives concentrated on the development of a method for forest parameter 

mapping and applications to multiple data over Cat Tien to provide a temporal analysis of local 

changes in forest structure within the Park. However, in light of a number of problems associated 

with data accessibility that are explained in greater length in later chapters, the study objectives 

were reviewed and may be summarised as follows:

* Provide a review of the principal current methods available for forest parameter mapping from 

remote sensing optical data.

* Provide an assessment of established empirical techniques applied to data over Cat Tien.

* Address key issues identified in the literature.

* Provide a physically-based modelling framework for the retrieval of key structural parameters.

* Assess the potential for applications to multi-resolution data.
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1.5.1 Outline o f the Study

The remainder of this work is dedicated to fulfilling these objectives. Chapter 2 provides a liter

ature review of both the major methods already established for extracting forest parameters from 

remotely sensed data, as well as the background to principal techniques employed herein including 

a consideration of scene modelling, geostatistics and local variance. Two key issues are identified 

with regard to current methodologies for geostatical analysis of remote sensing data: limitations 

associated with the use of so-called ‘authorised’ models and the existence of spectral variation in 

the range of variograms. Chapter 3 describes both the data available for this study, as well as the 

field sites used. Regarding the latter. Cat Tien is of primary importance and a description of the 

local environment and vegetation habitats is given. Chapter 4 considers some of the pre-processing 

issues associated with one particular dataset: historical air-photos. The inability to geo-reference 

these data through normal processing techniques has led to a novel application of stereomatching 

to the problem, which essentially revolves around the use of topographic features as tie points in 

geo-location.

Chapter 5 describes the application of established methods of geostatistical analysis to the air

photo dataset and details associated problems. An alternative method combining the use of a scene 

model and ‘variogram component modelling’ is therefore given. This includes a justification for 

the use of the modelling technique proposed, an account of how the scene model is parameterised 

and details regarding the rendering of scenes. A full analysis of the variogram component mod

elling is given including a preliminary sensitivity analysis. An experiment designed to explain 

the spectral variation in range noted in the literature is also given. Chapter 6 applies the method 

developed in Chapter 5 to high resolution air-photo data over Cat Tien. A full description of the 

inversion procedure is given and a test dataset used to investigate the accuracy and implications 

of results. Validation is provided through a comparison of independent methods of forest param

eter extraction. Chapter 7 investigates the necessary modifications required to apply the method 

developed in Chapter 5 to data of a coarser spatial resolution. A detailed consideration is given to 

applying the data to a set of multi-angular AirMISR data of medium resolution and a feasibility 

study is given looking at the potential of the method for hyperspectral and radar data of medium 

spatial resolution. The conclusions of each experiment are given at the end of each chapter, as 

well as a consideration of the potential for further work, with Chapter 8 providing the general 

conclusions relevant to the study as a whole.
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The preceding chapter has discussed both the need for forest parameter mapping and the utility 

of using remote sensing data to do it. However, there is by no means a single method to take.

It is therefore the aim of this chapter to describe some of the approaches previously adopted for 

forest parameter extraction from remote sensing data and to discuss their associated advantages 

and disadvantages.

2.1 Commonly Applied Simple Methods

As previously stated, the primary parameters of interest are tree density, crown size and canopy 

cover. Together these may be used to build a description of the forest structure present on the 

ground and as such they form an integral component to studies regarding land cover change and 

vegetation dynamics. Tropical rainforests in particular have a complex structure and ecology and 

their response to human intervention is often unpredictable. A spatial and temporal monitoring of 

the varying vegetation structure may therefore provide a means of assessing the impact of changing 

management practices, which may in turn be used to ensure the future preservation and sustainable 

use of forest resources.

2.1.1 The Importance of Scale

In the past, a number of methods for extracting forest parameters from optical remotely sensed 

imagery have been put forward and tested. In general, different approaches have been taken de

pending on the spatial resolution of the data in question. This reflects the fact that the scale of 

imagery (together with the size of the forest elements of interest) necessarily determines the in

formation content of the data. In this study the working definition of high or low resolution data 

follows that of Strahler et al. (1986), where the difference is determined by the size of the objects 

of interest (i.e. trees) in relation to a single pixel size (these may be larger or smaller, reflecting H 

or L resolution respectively). Some of the more common approaches to forest parameter mapping 

from both high and low resolution data are outlined below.

2.1.2 Manual Photo-Interpretation

Traditionally, deriving forest parameters from high resolution imagery such as aerial photographs 

has been based on procedures for manual interpretation coupled with field measurements of some 

description. This may be done in a number of ways. Turner et al. (1996) used a classical ap

proach of manually delimiting the extent of four forest types from a panchromatic aerial photo

graph through a tracing of the data, which was later enlarged to fit the scale of a topographic map.
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A stratified sampling of inventoried forest plots was then used to get an empirical relationship be

tween the structural type identified by the photo-interpreter and community composition as noted 

through the ground survey.

An alternative method for manual interpretation more suited to the extraction of forest cover is 

to use a scaled reticule overlain on the photo, which can then be used to assign gridded points to 

different land cover types as done by Fensham et al. (2002). In this case, they then developed 

empirical models to relate the land cover type identified on the photograph to the overstorey and 

understorey covers measured on the ground.

The problem with these sorts of methods is two-fold. Firstly, they rely on the particular individual 

performing the photo-interpretation. Despite general guidelines, there are no explicitly defined 

measurement procedures and the method is therefore not objective. Secondly, manual interpre

tation is both time-consuming and inefficient and while it may be applicable to small study sites 

with limited availability of data, it is not appropriate for spatio-temporal studies requiring large 

datasets.

2.1.3 Classification

Given these drawbacks and the ever-increasing quantities of remote sensing data available, there 

has been a large body of research directed at establishing automated methods for extracting both 

detailed forest parameters such as tree size and density, as well as broader descriptors such as 

forest type and cover. A particular set of such techniques that has received much attention are 

classifications.

Classifications are used to create thematic maps of land cover type (or varying forest characteris

tics) from remotely sensed data and have been widely applied, particularly to global data such as 

those used by GOFC-GOLD, as discussed in the preceding chapter. Procedures of classification 

work by assigning pixels into different classes according to their spectral signature (patterns of 

Digital Number (DN) values over different wavebands). In this way similar pixels should be as

signed to similar classes. Classification schemes may work on individual or multiple wavebands, 

although the latter is more common. In addition, combinations of wavebands (into vegetation in

dices for example) may be used in classification. These are particularly useful as they highlight 

the difference between classes (of vegetation and bare soil in this case) and may therefore improve 

the accuracy of the classification.

Classification schemes generally fall into one of two categories: supervised or unsupervised, which 

may be applied to both high or low resolution data. The former uses training samples defined by 

the analyst based on a priori knowledge of the land cover present in a given location. Training data 

are used as a guide: the classifier assigns unknown pixels to the class with the spectral signature
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most similar to its own (Campbell 1996). Training sets must therefore accurately represent the 

spectral variation present within each class found in the scene. Unsupervised classifications do not 

depend on training inputs; rather, they generate classes using a clustering of spectral values into 

groups based on similarity (Campbell 1996). Labels are then assigned to all identified clusters (by 

the analyst) established through an individual assessment of the class characteristics.

There are a number of different supervised classification schemes available. The most commonly 

applied is the maximum likelihood approach. This is a statistical decision rule classifier that uses 

training data as a means of estimating the mean and variance for each class, which can be em

ployed in estimating probabilities. Each pixel may then be assigned to the class that maximizes 

the probability of a correct classification given the statistics of the training data.

Maximum likelihood classifiers have been widely used in assessing vegetation characteristics from 

high and low resolution data. Regarding the former, a study by Kadmon and Harari-Kremer (1999) 

has shown the method to be comparable to manual photo-interpretation. A supervised maximum 

likelihood classification was performed over a temporal series of panchromatic aerial photographs 

to derive estimates of forest cover. Results were validated using independent field measurements 

based on line transects and compared to results obtained from manual photo-interpretation. Both 

methods resulted in similar correlations (with R  ̂values on the order of 0.80) for relationships be

tween observed and predicted values of tree cover. In addition to applications over high resolution 

data, a number of authors have successfully applied maximum likelihood classifiers for distin

guishing spatial variations in vegetation type and species from low resolution data over a wide 

range of environments. These include classifications such as those performed by Ramirez-Garcia 

et al. (1998) to examine classes of mangrove vegetation; or Hirata et a l (2001), who categorised 

rangeland vegetation according to the dominance of two shrubs.

Although simple maximum likelihood supervised classifications may be successfully implemented 

for multi-spectral data on its own, the classification accuracy may often be significantly improved 

through the use of various enhancement techniques. These include a reduction in the number 

of wavebands to consider through principal component analysis (Giannetti et a l 2001) or the 

integration of ancillary data such as topography through the use of a Digital Elevation Model (Gao 

et al 2001).

It should be noted that supervised classification techniques are by no means limited to the use of 

a maximum likelihood approach. The various alternatives include the use of an artificial neural 

network (ANN) and the implementation of a contextual classification scheme. The former uses 

artificial intelligence modelling techniques which aim to simulate the computational abilities of 

the human brain (Wulder 1998). They are designed with less strict statistical assumptions (the 

maximum likelihood scheme assumes a normal distribution) and albeit more complex to train.
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have been found successful in differentiating vegetation types at the species level using Landsat 

TM (low resolution) imagery with ancillary data (Carpenter et al. 1996, Carpenter et al. 1997).

Contextual classifications have also been applied with equal if not more success than the maxi

mum likelihood scheme. These use information derived from spatial relationships among pixels 

within a local area to enhance their performance. The ‘context’ is determined by positional re

lationships between pixels within a scene (Campbell 1996). They are usually performed on data 

that has already undergone initial processing to assign a set of preparatory classes and are used 

to refine and improve preliminary classifications, as well as to reduce uncertainty on data of dif

ferent spatial resolutions over varying environments (Yamazaki and Gingras 1996, Thakur and 

Dikshit 1997, Flygare 1997). They can also incorporate multi-temporal data (Jeon and Landgrebe 

1990, Khedam and Belhadj-Aissa 2001) orbe combined with classical spectral classifiers (Cortijo 

and Perez de la Blanca 1998). Contextual classifiers comprise a step towards the incorporation 

of textural information into remote sensing data analysis, through a consideration of the spatial 

relationships between pixels within a given neighbourhood. A fuller discussion of the means and 

implications of such an incorporation is given in Section 2.2 below.

Although classification techniques have been widely adopted for forest mapping purposes, there 

are a number of problems that may be associated with them. Unsupervised classifications rely on 

the presence of natural groupings of spectral signatures. These are not always evident and even 

in cases where they are, the natural spectral groupings may not necessarily correspond to infor

mational classes of interest. Supervised methods similarly rely on the presence of characteristic 

spectral signatures for each individual class. They also assume that the analyst will identify all 

spectral classes present in the image and that the training data will encompass the full range of 

variation within each class.

Both types of classification suffer from the fact that whilst it may be relatively easy to identify 

large tracts of forest, extracting subtler differences such as variations in tree size or height may be 

significantly harder as associated spectral signatures do not differ enough. This is particularly true 

of broad-band sensors with a low spatial resolution. In addition, studies characterising vegetation 

structure have the extra complexity of seasonal and annual variations in spectral response, meaning 

that class signatures may not be constant and relationships developed for one image in a temporal 

sequence may not necessarily be extended to others.

2.1.4 Vegetation Indices

Vegetation indices are quantitative measures used to derive information related to vegetation biomass. 

They are formed through the addition, multiplication or division of multiple spectral (or angular) 

wavebands and therefore cannot be used on single-look panchromatic data regardless of the spatial
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resolution. As implied above, vegetation indices may be used in conjunction with a classification 

scheme to categorise images based on canopy cover although are most often used as quantitative 

vegetation descriptors in their own right.

The simplest vegetation index may be considered to be a band ratio between two spectral bands. 

Ratios are most effective when there is an inverse relationship between two spectral responses 

to the same biophysical parameter (Campbell 1996). As such, the most commonly applied band 

ratios for vegetation applications use the red band (where spectral reflectance is low) and the near 

infra-red band (where reflectance is high). The ‘simple difference vegetation index’, commonly 

applied to NOAA AVHRR^ data is calculated as N IR -R ,  where NIR  is the near-infrared band and 

R the red (Lillesand and Kiefer 1994). In this case, a high value of the vegetation index implies the 

presence of dense vegetation canopies with a high leaf area index (LAI); low values reflect sparse 

or non-vegetated surfaces.

A more widely used vegetation index is the normalised difference vegetation index (NDVI)

where R is the image DN value for the red band and NIR  the image DN value for the near infra-red 

band. The NDVI has a range of -  I to -i-1, where high values again represent dense vegetation. The 

NDVI (along with simpler vegetation indices) has been related to a number of vegetation parame

ters, making it a popular quantitative descriptor of forest structure. These parameters include (but 

are not limited to) LAI (Spanner et a l 1994); percent forest cover (DeFries et al 1997); vegetation 

density (Boehmer 1996); chlorophyll abundance and energy absorption (Myneni et al 1995); and 

fAPAR, fractional absorbed photosynthetically active radiation (Wiegand et al 1991).

Using a Landsat Enhanced Thematic Mapper (ETM) scene acquired in February 2001, the NDVI 

calculated over Cat Tien National Park can be seen to be highly correlated to the visual presence 

of vegetation in the scene. Figure 2.1 shows an RGB (red green blue) composite of the Landsat 

ETM data over Cat Tien with a corresponding pseudocolour NDVI image.

The NDVI image can be seen to highlight regions of little or no vegetation and clearly identifies 

both the Dong Nai River and the areas of permanent water in the Ban Sau Wetland Complex. Sub

tle variations in the NDVI across the forested section of the Park may also be seen, although these 

appear to reflect topographical variations rather than any significant change in forest structure. 

Note that the presence of clouds is still visible in the NDVI image in the form of areas of very 

low NDVI. These may be difficult to distinguish from actual areas of low vegetation in the NDVI 

image.

'National Oceanic and Atmospheric Administration Advanced Very High Resolution Radiometer
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(a) RGB Composite of ETM Data

T 5?r.. . .  •

+0.5JNDVI

(b) NDVI Image of ETM Data

Figure 2.1: An NDVI Image from multi-spectral Landsat ETM data acquired over Cat Tien Na
tional Park in February, 2001
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Vegetation indices are extremely attractive as estimators of vegetation parameters because they are 

easily implemented and large datasets may be quickly processed with minimum effort. However, 

there are several well documented problems associated with their use. The brightness of back

ground materials is known to have a significant impact on vegetation ratio values known as the 

albedo effect (Huete et a l 1985, Elvidge and Chen 1995). There is also a dependency on the 

viewing-illumination geometry, particularly for the simple difference index (Gutman 1991).

The most significant factor limiting the use of the NDVI though, is the fact that relationships 

derived for LAI are frequently non-linear and tend to saturate at high values of LAI^ (Spanner 

et al 1994, Huete et al 1997, Huete et al 1998, Van Der Meer et al 2001). In addition to 

the issue of saturation, NDVI values are also known to decrease with increasing LAI, particularly 

in mature forest stands with increased levels of mutual shadowing (Wulder 1998). Furthermore, 

in some cases a complete inability to relate any vegetation indices to LAI has been reported. 

Blackburn (1999) examined a number of spectral ratios (including the simple difference index and 

the NDVI) calculated from stacked layers of leaves representing variations in LAI. None were 

found to be related to LAI. He suggested that this was because the relationship between a spectral 

ratio and LAI is highly dependent on the correlation between LAI and chlorophyll concentration, 

which has a direct control on red reflectance. In cases representative of senescent vegetation (i.e. 

involving stacks of leaves with varying chlorophyll concentrations) this relationship breaks down 

and LAI is no longer related to either the chlorophyll concentration per unit ground area or to the 

red reflectance.

Given these problems, use of a vegetation index as a quantitative estimator of forest structural 

parameters may not be considered entirely reliable. However, in most cases a vegetation index 

may provide a useful aid to visual interpretation and broad categorisation of varying land cover 

types if not a more detailed description of more subtle variations in tree size and density across a 

forest.

2.1.5 M ixture Modelling

Mixture modelling (also called spectral unmixing or spectral mixing analysis) is of particular rel

evance to low resolution data where the objects of interest are smaller than individual resolution 

cells. It assumes that pixels are produced by the mixture of a small number of materials of varying 

proportions (Campbell 1996). These materials are generally known as components, endmembers 

or scene elements. In the case of a forested scene they may comprise crown and ground (see 

Section 2.6.1).

^Typically at LAI values above 3.
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Mixture modelling works via a number of steps: firstly, the spectral response of individual ‘end

members’ is characterised. This is generally accomplished through field data, which are used to 

collect pure spectral signatures for all materials (in this case vegetation) present in the area (Wul

der 1998). In the absence of in situ spectral data very high spatial and spectral resolution imagery 

may also be used to get at the signatures of each scene element. Once the spectral signatures of 

endmembers have been characterised, a model representing their mixtures (dependent on the pro

portions of each element) may be used to reconstruct the observed pixel and invert the proportions 

of each element present in the scene (Shimabukuro and Smith 1991). Mixture models tend to be 

linear, where the reflectance of each pixel is taken to be a linear combination of the reflectance as

sociated with each endmember, weighted by its areal proportion (Garcia-Haro et al. 1999, Asner 

and Lobell 2000). Reflectance from a single pixel in these cases may be described as

n

Pa — PiPiA (2.2)
1=1

where p \ is the mean reflectance for a single pixel in waveband T, P, is the proportion of scene 

element i present in the pixel so that 0 < P,- < 1 and P, = 1, p,vi is the pure reflectance of scene 

element i and n is the number of i elements present in the pixel.

Linear mixture models have been successfully applied in a number of studies regarding the char

acterisation of vegetated areas, including their incorporation into vegetation classification schemes 

(Wyatt et al. 1988), their use as a means of extracting estimates of biophysical parameters such as 

LAI (Gilabert et al. 2000) and as a route to quantifying canopy cover (McGwire et al. 2000). In 

addition to the use of linear models, some work has also been done in applying non-linear mixture 

models. An example may be found in Carlotto (1995), where a non-linear probabilistic model 

was used to successfully enhance the spatial resolution of a supervised classification of simulated 

Landsat TM data.

2.2 Incorporating Textural Information

The approaches to forest parameter mapping described thus far predominantly rely on information 

related to the spectral signatures of scene elements (be it individually or as a spatial average). An 

exception has been the reference to contextual classifiers, which make use of local spatial statistics 

to enhance the general classification performance. Use of the spatial domain of information in 

extracting forest parameters from remote sensing data is by no means limited to the application of 

contextual classifiers and it is the aim of this section to introduce and briefly discuss some of the 

methods for incorporating textural information into an approach to forest parameter mapping.
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2.2.1 The Spatial Domain of Information

The extraction of information from the spatial domain of reflectance data hinges upon the fact that 

remotely sensed images are not simply a random collection of spectral information. Rather, they 

contain an underlying spectral structure that is spatially correlated to the predominant pattern of 

structural elements on the ground. The spatial variability in brightness values from pixel to pixel 

throughout an image is more commonly referred to as the image texture^.

Ground characteristics influencing image texture will necessarily change with changing spatial 

resolution. In high resolution data the light and dark patterns that make up image texture over 

a forested scene will be predominantly determined by the distribution of sunlit tree crowns and 

projected shadows. The shadowing patterns will in turn, be primarily controlled by the size, shape, 

density and three dimensional structure of various forest elements. As such, it is clear that a 

successful image texture analysis may provide an informative assessment of vegetation structure 

on the ground.

Qualitative evaluations of image texture include the use of descriptors such as fineness, coarseness, 

smoothness, granulation and randomness (Haralick 1979). Although visual assessments based on 

these adjectives may be informative for interpreting the general structure of the scene, they offer 

no basis for relating texture to quantified parameters on the ground. For this, a suite of techniques 

have been developed, which may be broadly categorised into statistical and structural approaches 

(Haralick 1979). Some of the principal contributions to the characterisation of forest structural 

parameters are discussed in more detail below.

2.2.2 Structural Methods for Quantifying Texture

Structural methods treat texture as a systematic repetition of some elementary patterns over a 

comparatively large area and attempt to describe spatial characteristics such as their shape, area 

and extent. These elementary patterns may be thought of as texture ‘primitives’ (Haralick 1979) 

and a description of the texture therefore involves a quantified assessment of these primitives. In 

more simple terms, structural approaches may be thought of as methods aimed at object detection. 

Given the context of this study, these objects may be defined as trees. Note that the methods 

discussed below will only be relevant to high resolution data, where individual trees span across 

several contiguous pixels.

^Note that this is not the same as image contrast, which refers to the abruptness of tonal changes within an image.
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Local Maximum Filtering

The first set of object detection techniques to be discussed here may be categorised as a local 

maximum filtering of a high resolution forested scene. These methods are based on the premise 

that each tree in the image will have a bright pixel associated with it, representative of the apex of 

the tree. The justification for this premise is that the peak of the tree, particularly in the case of 

coniferous species, is the most directly lit and the least likely to contain shading, thereby providing 

the strongest reflectance of light anywhere on the tree (Goujeon 1995). Filtering an image to 

identify the local maxima may therefore identify crown centers for all trees present in the image. 

This information will in turn, provide quantified estimates of local and regional tree density.

A number of authors have implemented various forms of local maximum filtering for parameter- 

ising tree structure from remote sensing images. Cohen et al. (1990) used local maxima along 

transects of DN values to identify tree crown locations from high resolution aerial imagery. The 

peak widths of maxima along the transects were shown to be related to tree crown size in each 

case.

Most studies involving local maximum filtering though do not operate on transects across an im

age. Rather, they work within a local moving window of a fixed size that is passed along the entire 

image to identify tree locations throughout (Bolduc et al. 1999). The size of the window is thought 

to be of particular relevance as it determines the size of the objects discernible in the scene. As 

implied above, the method is also known to be sensitive to the spatial resolution of the data, which 

must be high enough to allow for single objects to be made up of several adjacent pixels. For this 

reason the window size used for local peak extraction is often customised, based on prior estimates 

of semivariance and maximum range (see Section 2.4.2) found in the scene (Wulder et al. 2000b).

Building on this type of work, Pouliot et al. (2002) combined local maximum filtering with edge- 

detection to both identify tree location and delineate crown radii around them. They used the local 

maximum method developed by Wulder et al. (2000) to identify tree centres and then delineated 

the crown boundary around it based on the position of the maximum rate of change (representative 

of ‘edges’) in radial transects of image values. Results showed high accuracies for tree detec

tion when validated against ground measurements (on the order of 90%). Similarly, errors in the 

measurements of crown boundaries from ensuing edge detection were reported to be low (under 

15%).

Despite the high accuracy reported by Pouliot et al. (2002), a commonly reported problem with 

local maximum filtering is a large number of spurious tree locations (Wulder et al. 2000b). This 

is particularly so if the scale of the data is too large where instead of a single pixel containing the 

maximum reflectance value, a cluster of high reflectance points is found. There are a variety of 

techniques available to minimise the number of falsely identified trees. A number of these have
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been discussed by Wulder et al. (2000b), including the use of variable window sizes (chosen based 

on retrieved values of semi variance range) as well as the use of various thresholds. The latter may 

be based on spectral contrast or on the application of spatially dependent statistics. In this case, 

Wulder et al. (2000b) used an adapted Getis statistic calculated over a near-infrared image to test 

for false positives^ that resulted in a large reduction in error when compared to results obtained 

without any thresholding.

Pre-processing of the data has also been found to reduce the number of falsely identified trees. In 

addition to the use of a Getis statistic for post-filtering thresholding, Wulder et al. (2000b) applied 

a local maximum filtering technique to transformed data (from radiance values to Getis statistics). 

Results were found to be highly dependent upon the size of the operating window, as well as stand 

age. A more successful pre-processing technique was reported by Hay et al. (1996), who limited 

the search for tree peaks using a “vegetation specific mask”. This was generated from a classified 

NDVI image of CASI (Compact Airborne Spectrographic Imager) data and was found to decrease 

the number of tree peaks identified by more than 50%.

Disregarding the problems associated with the identification of false positives, the most restrictive 

problem for an implementation of local maximum filtering over a tropical field site such as Cat 

Tien is the necessary assumption of a conical tree form. Although the method works well with 

coniferous trees (which may be described as conical in shape), assumptions regarding the points 

of maximum reflectance do not always hold for trees of non-conical form. Given that the trees in 

Cat Tien are of varied shape and form, the use of local maximum filtering may be limited.

Valley Following

An alternative approach to individual object detection from high resolution data involves the use 

of valley following algorithms. This technique makes the assumption that individual tree crowns 

will be separated by shaded areas, however small, between them. Gougeon (1992) has described 

a two step approach, further developed in Goujeon (1995) that is used to delineate individual trees 

from panchromatic MEIS-II aerial images. Valley following of shaded material between crowns 

was applied based on growing lines from local minima. These were used to separate both the 

background from the tree crowns, as well as the tree crowns from each other. The output was then 

subject to a rule-based delineation that followed and augmented crown boundaries one at a time. 

The results were compared to ‘ground counts’ collected from a field survey, ‘photo counts’ derived 

from manual photo-interpretation and ‘screen counts’ estimated from a visual interpretation of

''The Getis statistic measures the extent to which a pixel is surrounded by a cluster of high or low DN values 
(Wulder et al. 2000b). High positive values of the Getis statistic indicate a cluster of high DN values, i.e. a tree top. 
Large negative values represent clusters of low DN values and may therefore be associated with a non-tree feature and 
discarded.
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screen images. The valley following technique was found to have only an 8% error in comparison 

to the ground counts, which was better than both the photo and screen interpretations.

The same method has also been applied to multi-spectral CASI data to derive estimates of crown 

cover (Leckie et al. 1999). The method was found to work well in old forest stands with large, 

well spaced trees. However, it was much more inaccurate in the younger and denser stands exam

ined, where the ability to separate individual crowns was not as successful and tree density was 

often underestimated. Further problems in dense canopies were associated with the fact that the 

method ‘created’ non-crown pixels from the valleys between adjacent and touching trees so that 

any delineation of individual crowns resulted in a limited representation encompassing only the 

sunlit areas of crown. In areas of high tree density (where there will undoubtably be a large degree 

of mutual shadowing) the method may therefore severely underestimate total canopy cover.

Template Matching

In addition to the application of local maximum filtering and valley following, some work has been 

done towards the development of object detection algorithms based on the concept of template 

matching. The idea essentially comprises the development of a template that is, in this case, 

representative of a single tree crown located in the image data. The template can then be passed 

over the image and local correlations used to identify tree locations through an assessment of the 

quality of the match.

Templates can be directly derived from the image data, although are more frequently created with 

the use of a model (Larsen and Rudemo 1997, 1997b, 1998, Larsen 1997, 1998). Larsen and 

Rudemo (1997) have developed a method for using templates to identify tree positions on high 

resolution panchromatic aerial photographs. They used a geo-optical model based approach^, 

where the tree crown is described as a generalised ellipsoid and simulated circular templates rep

resentative of single trees. These templates were centered on the top of the simulated tree, with 

a radius reflective of the quantity of tree expected to be visible in the image (which inevitably 

varies with both viewing and illumination geometry as well as with fluctuations in local tree size 

and density). Correlations between the template and each pixel in the image were calculated and 

local maxima used to identify tree positions. The results were filtered with the aid of field data 

and the method was shown to perform well for a number of environmental conditions (Larsen and 

Rudemo 1997b). Extensions and refinements to the basic method have been proposed, including 

the incorporation of more sophisticated templates (Larsen 1997) as well as the use of variable 

match windows (in terms of size, shape and location with respect the simulated tree) to increase 

the accuracy of tree top identification (Larsen 1998, Larsen and Rudemo 1998).

^The use of geo-optical models is further explored in Section 2.6.1.
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Template matching provides an interesting and potentially accurate means of identifying individual 

trees. Its principal limitation for tropical field sites is the assumption that forest stands will be 

made up of uniform trees similar to each other in size and shape. The method may work well for 

areas dominated by large plantations, or for managed regions of blocked forest stands (as multiple 

templates may be derived and applied to relevant image sections) but it is more difficult to see how 

the method may be successfully implemented for a tropical environment where individual trees 

vary in size, shape and stocking on a very small scale.

2.2.3 Statistical Methods for Quantifying Texture

In addition to the various structural methods for quantifying texture that have been discussed 

above, there exists a large body of techniques that may be categorised as statistical methods. Al

though these may be applicable to data of any spatial resolution, they are particularly beneficial to 

low resolution data, where the recognition of individual trees is more commonly replaced by the 

recognition of forest stands as a whole and where object detection methods are no longer optimal.

Statistical approaches to quantifying texture constitute the larger group and are generally based 

on the calculation of local ‘spatial statistics’ within a given neighbourhood. The simplest texture 

measures use statistics that focus on a comparison of DN values within the local neighbourhood 

of a single pixel (Hickman et al. 1995). Common measures that fall into this category include 

the mean and variance as well as skewness and kurtosis. A large suite of second-order statistics 

derived from the use of a co-occurrence matrix have also been applied and focus on a quantified 

description of the relationships between neighbouring pixels. In addition to these measures, sta

tistical approaches to image texture also include methods based on the measurement of spatial 

frequencies (including Fourier texture analysis), methods based on a characterisation of ‘edge fre

quencies’ and fractal based methods (Haralick 1979, WWW 2003c). The following sections aim 

to discuss some of these in a little more detail.

The Coefficient of Variation

The coefficient of variation (cV) is a dimensionless measure of dispersion that is calculated using 

the mean and standard deviation of a given dataset (in this case a local neighbourhood of DN 

values). It is defined in Equation 2.3.

c V = -  (2.3)
P

where ii is the mean and cr the standard deviation. Although the mean and standard deviation are 

often used in their own right to describe the local characteristics of a limited window, they will
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very often vary simultaneously and a measure incorporating both at the same time will therefore 

offer a more consistent basis for comparison across large images or multiple datasets.

The coefficient of variation will vary according to the nature of image texture, where large values 

will correspond to a coarse texture. As such, it may be used as a measure of texture and has 

often been applied in assessing the textural information content of remotely sensed imagery with 

particular emphasis on applications to radar data (Dutra et al. 1998, Yu and Quegan 1999).

Grey-Level Co-occurrence Matrices

The Grey-Level Co-occurrence Matrix (GLCM) provides a means of describing a two dimensional 

spatial dependence of grey tones for each fixed distance and angular spatial relationship that can 

be used to generate ‘textural features’ (Haralick et al. 1973, Haralick 1979). It has been used in 

a number of applications for discriminating texture and may even be seen as the standard against 

which other methods of texture discrimination are evaluated (Hay et al. 1996).

The GLCM is populated with the frequency CdeC, j) with which two pixels in a local window, 

separated by distance d along a given direction 6, have co-occurring DN values i and j  (Haralick 

1979). A ‘normalised’ GLCM may be simply calculated by dividing each element of the matrix by 

the total number of neighbouring pixels. This is then representative of the joint probability PdeiU j) 

of two pixels having co-occurring DN values. GLCMs are generally symmetric, with comparisons 

made at distances d and -d . They tend to be calculated for a limited number of distances over 

small windows, due to the expensive nature of their computation.

Use of co-occurrence matrices in texture analysis has been widespread due to a number of features 

strongly related to variations in texture that may be easily calculated from the GLCM. These are 

described by Haralick et al. (1973) and Haralick (1979) and the principal ones are summarised 

below.

Energy = 7) (2.4)

Entropy = ^  P{i, j) log P(i, j) (2.5)
ij=0

n

Contrast = ^ ( f  -  j fP i i ,  j) (2.6)

correlation = ~ ~ (2.7)
CFxCTy
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where P(i, j) is the joint probability of two pixels separated by a given distance along a given 

direction having co-occurring DN values i and j, Hx and fiy are the row and column means respec

tively and (Tx and cry the row and column standard deviations. The textural measures derived from 

co-occurrence matrices have been used in quantifying the texture of a variety of land covers from 

both optical and radar imagery. Note that in all studies using GLCM textural features the oper

ating window size and inter-pixel distance {d) have been found to be highly influential on results 

obtained.

Usage of the GLCM varies, although they are most commonly used to improve classical methods 

of classification (such as the maximum likelihood approach). Barber and LeDrew (1991) have 

used five second order textural measures derived from the GLCM to classify Synthetic Aperture 

Radar (SAR) images over sea-ice. They found that use of multiple statistics (rather than any single 

GLCM derived statistic on its own) produced a more accurate discrimination between classes 

of sea-ice. With regard to the categorisation of variations in sea-ice, similar results were also 

found by Clausi (2002) as well as Baraldi and Parmiggiani (1995), who recommended the use of 

a combination of the Energy and Contrast statistics to improve differentiations between sea and 

continental ice in Antarctica from optical AVHRR data. Given that many of the texture measures 

derived from the GLCM give highly correlated results, an ‘optimal’ set of features to use may be 

selected based on minimum redundancy.

In addition to discriminations of sea-ice, a large body of work has been directed at the application 

of GLCM textural measures to the differentiation of vegetated areas. GLCM features have been 

successfully employed to SAR imagery for discriminating between urban and forested areas (Liew 

et al. 1995), as well as for enhancing differences between individual classes of wetland vegetation 

in classifying JERS-1 and ERS-1 imagery (Yamagata and Yasuoka 1993). Related GLCM textural 

features, using the neighbouring grey-level dependence matrix (NGLDM)^ have also been shown 

to improve classification accuracies: Rotunno Filho et al. (1996) used a number of features derived 

from the NGLDM to improve the separability between agricultural crop types in airborne SAR 

data.

Textural classification has also been successfully applied to optical data. Shaban and Dikshit 

(1998) have shown that the use of six GLCM derived features improved the accuracy of a SPOT 

image classification over an urban area in northern India by 9%. With regard to agricultural appli

cations, Narasimha Rao et al. (2002) used an optimal set of GLCM derived features to produce an 

agricultural land cover classification from an 1RS-PAN scene and found the incorporation of these 

features improved a simple tonal classification by 35%.

^This is similar to the GLCM but is calculated with a consideration of relationships between a pixel and its neigh
bours for all directions at once (rather than individually).
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It should be noted that use of texture features has not been solely limited to the improvement of 

scene classifications. They have also been used in modelling forest structure: notably, Levesque 

and King (2003) have assessed a number of GLCM texture measures for their use in building 

empirical image-based models of forest structure and health at both canopy and individual tree 

scales. Although the texture measures were not found to be as influential as features extracted 

from calculations of semivariance, they were significantly more influential than any spectral data 

examined.

Given the large body of research dedicated to implementing textural features derived from GLCMs 

(of which only a few have been described here), it is clear that they have been significant in 

influencing the textural approaches to the interpretation of remotely sensed data. However, there 

are also a number of other statistical methods for quantifying texture; the more significant of which 

are summarised below.

Other Statistical Approaches to Texture

Spatial filtering techniques for describing image texture are based on the fact that spatial frequency 

is related to texture; fine textures are dominated by high spatial frequencies and coarse textures 

by low spatial frequencies (Haralick 1979). They are therefore often performed in the frequency 

domain with the aid of a Fourier transform. Here, spatial frequencies can be localised, identified 

and used as features to describe the image texture. Aspects of the texture, such as whether they are 

‘directional’ or ‘blob-like’ may also be easily ascertained (Haralick 1979).

In addition to spatial filtering, a characterisation of edge frequencies is often used to describe 

texture. This is based on the fact that variable textures will contain a variable amount of ‘edges’; 

fine textures have a high number of edges per unit area, whilst coarse textures have a low number 

(Haralick 1979). Textural ‘edgeness’ can be measured at various scales depending on the size of 

the local operating window size, thus ‘micro-edges’ may be detected using small windows and 

‘macro-edges’ using large windows.

Various other approaches have also been adopted. These include the calculation of primitive run 

lengths, where the lengths of texture primitives in different directions may be used to describe 

texture (WWW 2003c). Run length analysis is based on the permise that fine texture is repre

sented by a small number of neighbouring pixels of the same DN value whereas coarse texture 

is represented by a large number. Once run lengths have been calculated for all directions within 

the operating window size, a number of texture features may be derived to quantify the nature of 

the image texture under examination (Haralick 1979). Chen et al. (1993) have used run length 

analysis to examine the potential for retrieving the size and density of discrete objects (trees) in 

a scene. Their results were particularly successful for high resolution data, where they found that
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the maximum extent of contiguous pixels of similar brightness may be related to the size of objects 

(or background) in a scene.

Model-based approaches have also been used to quantify texture using both fractal and stochastic 

models to interpret image texture (Materka and Strzelecki 1998). The former in particular have 

been found to be successful in discriminating different textures and derived textural features such 

as lacunarity (which describes the ‘gappiness’ of a fractal) have been used in quantifying textures 

associated with variations in forest structure (Butson 1999).

A number of alternative methods to quantifying texture have also been applied, although a full 

review of all of these is beyond the scope of this study. However, two measures thusfar only briefly 

referred to (namely local variance and semivariance) may be considered of particular importance 

within the context of this work and as such, a fuller discussion of these is presented below.

2.2.4 A Particular Consideration of Local Window Variance

Variance is a commonly applied spatial statistic that describes the spread of data. Estimates of 

variance have long been used to examine spatial features at a variety of scales (Moellering and 

Tobler 1972). In a remote sensing context, variance may be thought of as a descriptor of tonal 

variability within a given neighbourhood and can be calculated as

^  ^  (z, -  z f  (2.8)
/=!

where cr̂  is the variance, zi is the DN value of pixel /, z is the mean DN value within the neigh

bourhood under consideration and N  is the total number of pixels in the neighbourhood. In the lit

erature, an alternative definition of the term “local variance”, provided by Woodcock and Strahler 

(1987) is used. In these cases it is calculated as the standard deviation of a 3x3 pixel window.

The use of variance analysis within the context of studies aimed at examining spatial and tempo

ral vegetation dynamics relies principally on the fact that localised cr  ̂ is highly influenced by a 

number of ecological factors such as tree size, density and spacing (Jupp et al. 1988). This can 

be illustrated with the use of a simple example considering variations in the density of trees of 

a single size, which is illustrated in Figure 2.2. In the first instance (Figure 2.2 (a)) the scene is 

very densely populated with trees and the variance can be seen to be low (since the majority of the 

scene may be considered as ‘tree’). As the density of trees decreases (Figure 2.2 (b)) the variance 

in the scene can be seen to increase until it passes a given point, beyond which the variance will 

again be low (Figure 2.2 (c)) and the majority of the scene may be considered ‘background’.
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(a) Very Dense 
Canopy: Low
Variance

(b) Lower Den
sity Canopy: High 
Variance

(c) Very Sparse 
Canopy: Low
Variance

Figure 2.2: Visual difFerences in scene variance for a scene of evenly spaced uniformly sized trees 
at varying densities

In addition to the influence of the structure and arrangement of trees within a scene, local estimates 

of variance are known to have a strong relationship with the spatial resolution of the data (Strahler 

et al. 1986, Woodcock and Strahler 1987, Jupp et al. 1988, Jupp et al. 1989). Considering 

the high resolution case where the object size is significantly larger than a single resolution cell, 

several contiguous pixels will be similar in terms of their DN value and the local variance will 

be small. As the spatial resolution coarsens, local variance will rise until it reaches the point at 

which an individual object approximates the size of a single resolution cell. Beyond this point, 

as the data become low resolution (where the object size is significantly smaller than a single 

resolution cell), the local variance will again be small (because any variation will be encompassed 

within individual pixels). Note that this is dependent upon the within-object variance being low 

in the high resolution case and an approximately uniform density of objects in the low resolution 

case (Ni and Jupp 2000). Given this relationship between local variance and spatial resolution, 

prior estimates of the former can be used to choose the spatial resolution required for the further 

processing and interpretation of any given remote sensing dataset (Atkinson and Curran 1997).

Furthermore, the aforementioned ‘peaking’ of local variance may be used as an indirect guide to 

the mean size of objects in the scene (Woodcock and Strahler 1987). Jupp et al. (1989) demon

strate this with use of a simple ‘disk model’ (where the scene constitutes overlapping disks of 

constant brightness placed randomly on a uniform background) and show that the peak in local 

variance calculated as a function of spatial resolution can be related to the size of the underlying 

disks. Note that a scene with multiple scales of objects may induce the presence of several local 

maxima in the variance-resolution calculations. Further discussion regarding the use of simple 

scene models to invert tree size using local variance is provided in Section 2.6.2 below.
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Directional Variance

In addition to the influence of both the spatial resolution and the structural arrangement of objects 

within a scene, consideration must also be given to directional effects on local variance. Directional 

variations in local variance are a characteristic feature of data acquired over forested areas. They 

are most commonly described through the Bidirectional Reflectance Variance Function, or BRVF 

(Jupp and Woodcock 1992). This comprises estimates of local variance for multiangular data, 

generally plotted as a function of view angle. Considering a forested area, the intrinsic shape of 

the BRVF will depend on the structural arrangement of trees in a scene; that is, on individual 

tree and gap size as well as their placement within the scene. In addition, the geometric effects 

of variations in viewing and illumination angles may cause considerable changes in perceived 

shadowing, which will in turn create variations in local observations of variance.

Empirical observations of BRVF effects have been made for a variety of data. Barnsley and Kay 

(1990) noted the presence of directional variations in local variance estimated from Airborne The

matic Mapper data over areas of varying canopy cover. They found a general decrease in local 

variance with increasing view angle, which was assumed to result from the degradation in spatial 

resolution associated with large view angles, as well as the changing proportions of scene ele

ments (crown and ground) viewed in each case. Similar trends were noted by Ni et al. (1998) and 

Ni et al. (1999), who examined BRVF effects from multiangular Airborne Advanced Solid-state 

Array Spectroradiometer (ASAS) data over forested areas in the BOReal Ecosystem-Atmosphere 

Study (BOREAS) field site. In addition, their work demonstrated a clear peak in BRVF at the 

hotspot (where sun and view angles coincide and there is no visible shadow), which may be ex

plained by the fact that at said point the contrast between sunlit crown and sunlit ground is very 

strong and therefore local variance is high.

Model-based studies of local spatial and directional variance have also been widespread. These 

most commonly make use of simple canopy models generically termed Geometrical Optical (GO) 

models, which represent objects in the scene with simple geometric shapes (Li and Strahler 1985, 

1986, 1992, Strahler and Jupp 1990). GO models are discussed in detail in Section 2.6.1, where a 

consideration of their inversion with spatial variance to derive estimates of tree structural parame

ters is also included.

2.2.5 The Applicability of Geostatistics

A statistic related to spatial variance and one commonly used in the literature to describe the spatial 

dependence present in an image is the semivariance. Exploiting information from calculations 

of semivariance forms the focus of the present study and as such, the remainder of this chapter 

will be principally dedicated to discussing the implementation of and issues arising from use of
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measures of semivariance. Semivariance may be categorised under a branch of applied statistics 

known as geo statistics, which concentrates on the detection modelling and estimation of spatial 

patterns. Prior to further discussion regarding semivariance itself, a brief consideration of the role 

of geostatistics is given.

Geostatistics comprise a set of techniques for estimating uncertainty. Based upon regionalised 

variable theory, the development of geostatistical methods is largely attributed to Georges Math- 

eron and his work at the Paris School of Mines in Fontainebleau, during the 1950s and 1960s. The 

theory of regionalised variables rests on the underlying assumption that data will display spatial 

dependence, i.e. that the closer in space two sampling points are, the more likely it is that their val

ues will be similar. Its application to practical problems within earth science has traditionally been 

in the field of mining for estimating the concentrations of minerals in ore bodies and recoverable 

reserves, although more recently geostatistics has been applied to a number of different problems 

(Clark 1979).

With regard to remote sensing, the application of geostatistics relies upon the interpretation of 

reflectance as a function of spatial position. Assuming that remotely sensed radiance may be 

considered as a random variable Z, the following model may be applied (Atkinson and Curran

1995);

Z(x) = mv + e(x) (2.9)

where Z(x) is the value of the random variable Z at a given position x  within a two-dimensional 

space, rriv is the local mean of Z in the local neighbourhood v and e is a random function with a 

mean of zero.

Generally, two further assumptions are also made; stationarity of difference (Equation 2.10) and 

variance of differences (Equation 2.11). The former essentially states that the expected difference 

in Z between any two points x and x + h (separated by a distance vector h) will be zero,

E [Z (x ) -Z (x  + h)] = 0 (2.10)

where E is the mathematical expectation. The latter goes on to state that the variance (cr^) of the

difference depends only on the distance between the two points and is calculated as the expected

squared difference

0-2 = E [{ Z (x )-Z (x  + h)}2] = 2y{h) (2.11)

where y{h) is the semi variance y  for separation vector h.
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Equations 2.10 and 2.11 are commonly referred to as the intrinsic hypothesis of regionalised vari

able theory. In remote sensing the variability in reflectance values across an image will show some 

level of spatial dependency and will be correlated to a degree dependent on the spatial interval 

between the pixels. The brightness of a remotely sensed image then, may be interpreted as a two- 

dimensional regionalised variable to which the application of geostatistics is highly relevant. In 

particular, measures of semivariance have been found to be specifically useful in characterising 

the spatial dependency of remotely sensed data and as such, forms the focus of discussion in the 

sections that follow.

2.3 The Variogram

‘Variogram’ is the name given to the function relating estimates of semivariance y to the distance 

between points under consideration h, where the distance h is more commonly referred to as the 

lag. For this reason it is also known as the semivariogram, although is commonly abbreviated to 

simply ‘variogram’ in the literature. From Equation 2.11, it can be seen that semivariance may be 

estimated as half the expected variance. For a punctual support (where semivariance is calculated 

as a series of point measurements), the variogram is simply defined as y(JT). However, in remote 

sensing reflectance is not a series of point measurements, but rather is ‘regularised’ and constitutes 

multiple pixels, which are essentially spatial averages over the field of view (Jupp et al. 1988, 

1989). The implications of régularisation are discussed further in Section 2.3.1 below.

Given regularised data and providing that the intrinsic hypothesis holds true, semivariance from 

sample data may be calculated as

1 i=A//,

ÿ (h) = —  V  [z (Xi) -  z (XI + h)]  ̂ (2.12)
2N h

where Nh is the number of pairs of observations at lag h and z(x) is the image DN value for the 

pixel centered on position x. An experimental variogram may then be constructed using semivari

ance estimates at multiple ordered h. The variogram can be visualised with a simple line graph, 

and tends to display predictable characteristics in terms of its shape and form (Jupp et al. 1988, 

1989, Woodcock et al. 1988a, 1988b). An example is given in Figure 2.3, where it can be seen 

that semivariance for any pair of pixels will be low at short lags (due to the high autocorrelation 

between immediate neighbours) but, as lag distance increases so too will the semivariance. This 

rise continues until a certain inter-pixel distance (known as the ‘range’) is reached, after which 

semivariance levels off. This ‘levelling-off’ occurs at a level equal to the general data variance, 

known as the ‘sill’ (Jupp et al. 1989).
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Figure 2.3: A Characteristic Variogram

Note that the semivariance for pixels ath = 0 should theoretically be zero, since there will be no 

difference between a pixel and itself. In practice however, the semivariance at = 0 is often larger 

than zero due to the presence of uncorrelated noise in the data. This is known as the ‘nugget’ 

effect. The variogram descriptors shown in Figure 2.3 are often used to infer information about the 

underlying structure of a scene and are considered in more detail below (Sections 2.4.2 and 2.5.3). 

First though, a number of issues regarding the calculation of experimental variograms should be 

noted.

Estimates of semivariance depend on the number of comparisons made at each lag (Nh). The 

confidence associated with these estimates necessarily diminishes with increasing lag (as available 

data pairs become fewer) until at very large lags the variogram becomes unstable. Given this 

instability, consideration should be given to the maximum lag length sampled. It is necessarily 

constrained by the size of the operating window (or transect in the 1-D case) and although it 

should be long enough to allow for a full characterisation of the variogram (i.e. the reaching of a 

sill) it is generally accepted that it should not exceed 1/5 to 1/3 the total distance sampled (Oliver 

et al. 1989a, Rossi et al. 1992, St-Ônge and Cavayas 1995, Chica-Olmo and Abarca-Hemandez 

2000, Wallace et al. 2000).

Several properties inherent in the data may influence the precise shape and form of the experi

mental variogram. Outliers can greatly affect the interpretation of variograms^, as can small-scale 

local mean and variance changes (Lark 1996). The variance in size distribution will also affect the 

shape of the variogram; as variance increases, the shape will become more rounded (Treitz and 

Howarth 2000).

Phenomena with a spatially periodic component such as rows of crops within an agricultural field 

or regular shading patterns found on trees in forest plantations, will often produce sinusoidal be

haviour in the semivariogram. These are often termed ‘hole-effects’ and manifest themselves as 

regular dips in semivariance beyond the sill (Hyppanen 1996, Lewis et al. 1999, Riedmann 1999).

’ Semivariance is calculated on the square difference between two observations and therefore outliers will have a 
particularly large influence.
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The orientation of objects in a scene, or variations in the direction of illumination can create 

directional variation within semivariograms, known as ‘anisotropy’ (Jupp et al. 1989). There are 

two broad categories of anisotropy. Zonal anisotropy refers to different directions having differing 

degrees of overall spatial continuity and is identifiable by directional variograms having similar 

ranges but different sill values. When the situation is reversed and variograms have varying ranges 

but similar sills, the anisotropy is known as geometric and refers to zones being stretched in the 

direction of maximum range (Rossi et al. 1992). If the data do not appear to be directionally 

dependent, then it is arguably more useful to use isotropic variograms (omni-directional) to analyse 

spatial dependence.

In addition to the effects briefly outlined above, the variogram will be highly influenced by the 

spatial resolution of the data and the aforementioned régularisation effects.

2.3.1 Variograms and the Effects of Régularisation

As previously stated, variograms from remote sensing imagery are not punctual. Reflectance is an 

areal measurement; it being a spatial average over some finite area within a single pixel,

z"(x) = -  r  z{y)dy (2.13)
^ Jv(x)

where z^(x) is the spatial mean of DN values z over v centered on x and z(y) is z defined as a point 

measurement. This spatial integration is known as régularisation. Its extent depends upon the size 

and geometry of the space within which the observation is defined (v), which is more commonly 

referred to as the support (Atkinson and Curran 1995, 1997, Collins and Woodcock 1999). In this 

case the support essentially refers to the spatial resolution of the sensor^.

The level of régularisation will impact the scale of natural variation that may be detected from a re

motely sensed image. As the pixel size increases, small scale features and detail are progressively 

lost and the information content of the data shifts towards a depiction of larger less frequently 

occurring features. The implications of this with regard to a forested scene have already been 

discussed in the context of calculating local variance (Section 2.2.4 above). The effect of régulari

sation upon the shape and form of the variogram is two-fold: as the resolution becomes coarser the 

overall image variance falls and therefore, so does the sill (Woodcock et al. 1988b). In contrast 

the range will increase with increasing levels of régularisation.

The predictable behaviour of the variogram with increasing levels of régularisation means that var

iogram modelling incorporating régularisation effects may be used to provide estimates of mea-

®In actual fact, the geometry of the support is not so simple and the true support size will be both larger than 
the spatial resolution (because of the sensor point spread function) and variable across the scene due to topographic 
variations and changes in sensor scan angle (Atkinson and Curran 1997, Collins and Woodcock 1999).
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sûrement error, predict changes and model the process of re-scaling data (Atkinson 1993, Atkinson 

and Curran 1995, 1997, Collins and Woodcock 1999).

2.4 Traditional Approaches to Modelling the Variogram

The experimental variogram discussed above is made up of discrete values (associated with indi

vidual pixels). Punctual variograms though, are continuous. Therefore, most applications require 

an approximating function (i.e. a model) to be fitted to the sample values for use in both describing 

the variogram shape and form as well as to aid in spatial prediction.

Given that the experimental variogram may take several different forms, a suite of models have 

been developed to describe it. The choice is generally restricted to a list of ‘authorised’ models, 

which satisfy a number of conditions. The most important of these is that the model must be 

conditional positive semi-definite, i.e. it cannot allow negative variances. Therefore, a simple 

interpolation of the experimental variogram is unacceptable (as it may lead to negative prediction 

variances). Authorised models must also pass through the origin. As stated above, a positive 

intercept is sometimes noted at lag distances of = 0. In cases where this effect is too large to be 

ignored it may be represented explicitly by the fitted model through the use of a nugget component.

It has been suggested by Woodcock et al. (1988a, 1988b) that the choice of an authorised model 

requires the consideration of three features in particular. These are the fit of the model near the sill, 

determination of the range of influence and the model behaviour at the origin. The latter of these 

may be seen as particularly important since the slope at the origin reflects the amount of edge and 

boundary in the image and as the boundary area increases, so will the semivariance at short lags, 

giving rise to a sharp positive gradient near the origin (Woodcock et al. 1988a).

2.4.1 Authorised Model Variograms

Authorised model variograms fall into two broad categories: bounded and unbounded (Oliver et al. 

1989a). The latter refer to models where y  increases indefinitely with h and there is no a priori 

variance. Bounded models though, reach an upper limit of y  (the sill) at a given h (the range). A 

list of acceptable models is given in Oliver et al. (1989a), although a brief description of some 

authorised models most commonly used in interpreting remotely sensed images over forested areas 

follows.

The Nugget Model

The simplest variogram model is the pure nugget effect (Equation 2.14 and Figure 2.4).
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y(A) = 0 h = 0

y{h) = 1 h>  0
(2.14)

1.0 2.0 
Ug distance h

Figure 2.4: The nugget model

A pure nugget effect indicates that there is no spatial dependence in the data at all and all spatial 

relationships are random (Oliver et al 1989a). In addition to the pure nugget model, a nugget 

‘component’ may also be added to any other authorised variogram model to induce a positive 

intercept at /z = 0.

The Spherical Model

One of the most commonly applied models in remote sensing, particularly for vegetation studies, 

is the spherical model. This is a modified quadratic function with a clear range, beyond which 

the variogram becomes asymptotic, i.e. it reaches a clearly defined sill (Equation 2.15 and Figure 

2.5). The spherical shape is typical of images where one pattern dominates and pixels become 

completely independent above the range (Levesque and King 1999) so

y{h) = C o y 3 ^ - f ^
a \a

3\
0 < h < a

(2.15)

y(h) = 1 h>  0

where a is the range, Co is the nugget variance and C\ refers to structured variance present in the 

scene.

Note that the spherical model may also incorporate a slight modification, to produce a curve that
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Figure 2.5: The spherical variogram model

is smoother around the border with the sill. In these cases it is generally referred to as the pentas- 

pherical model (Oliver et al. 1989a).

The Exponential Model

Another commonly applied model is the exponential. Here, semivariance gradually rises to ap

proach the sill (albeit at a different rate from the spherical), although they never actually converge 

(Equation 2.16 and Figure 2.6). The exponential model is most applicable to images where several 

patterns interfere and there is a gradual transition up to the sill so that

y{h) = Co -H Cl | l  -  exp (2 .16)

where a' is a positive constant.

0.2

0.0
0.0 2.0 +.0 8.0

Lag distance h

Figure 2.6: The exponential variogram model

A range parameter a' is included in the model although it should be noted that this does not refer 

to the actual range per se. Rather, it can be used as an indicator of the ‘true’ range (Ramstein and 

Raffy 1989), calculated as 3a' (see Section 5.2.3 in Chapter 5), which may then be assumed to be 

the point at which the model includes 95% of the sill (Pebesma 1999).
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Other Models

The spherical and exponential models (with or without integrated nugget components) are both 

examples of bounded models. They represent the most important and most commonly used mod

els in remote sensing and the ones reported to have the most success in interpreting vegetated 

scenes (St-Ônge and Cavayas 1995). However, there exist a number of other models, bounded 

and unbounded which may be applied. These include (but are not limited to) the Gaussian, linear, 

logarithmic, power and periodic models (Oliver et al. 1989a). All these are additive and therefore 

two or more of them may be combined to form nested models (MacDonald and Carr 1989). This 

may be necessary if periodicity beyond the sill needs to be incorporated or if images appear to 

have multiple scales of spatial variation with distinctive ranges (Lark 1996).

Although most work using geostatistics has focused on the use of one or more of the models 

mentioned above, there has been a limited amount of research aimed at providing non-parametric 

models as alternatives. These include summations of Bessel functions and spline smoothers, a 

description of which is provided in Ploner and Dutter (2000).

2.4.2 Variogram Model Parameters

The variogram models described above may be characterised by three principal parameters: the 

nugget, range and sill. These can be seen in Figure 2.3. They are often used to interpret remotely 

sensed imagery and have been linked to various aspects of vegetated scenes including the parame

ters of interest for this study; namely tree size, density and canopy cover. A discussion of past and 

present research into the validity of these links is given in Section 2.5.3, although a preliminary 

consideration of their physical meaning is given below.

The Range

The range relates to the maximum scale of spatial variation present in the data and is computed as 

the lag distance at which y(h) levels off, beyond which the variogram function returns a constant 

value (Equation 2.15). Its name derives from the fact that it represents the range o f influence vari

ables have on each other, i.e. the maximum distance over which data are correlated (MacDonald 

and Carr 1989).

At lags below the range the increasing curve of the variogram describes how inter-site differences 

are spatially dependent; the underlying principle being that the closer two sites are (within the 

range), the more similar they will be (Burrough and McDonnell 1998). The range is proportional 

to texture coarseness in an image and has been shown to provide a useful measure of the size and 

density of elements in a scene (Woodcock et al. 1988a, 1988b). Jupp et al. (1989) use a simple
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disk model to demonstrate this, finding semivariogram range to be directly related to disk diameter 

size. Note that multiple scales of spatial dependency may induce multiple ranges. Although these 

may be accounted for using a nested model, their presence is often masked, which may lead to 

misinterpretations of the variogram. Given that these effects may be more clearly seen in plots 

of local variance against block size, Jupp et al. (1989) suggest that use of the variogram range 

in data interpretation should be considered only after a preliminary analysis of regularised spatial 

variance.

The SUl

The sill relates to the amount of variability within a scene and is defined as the constant value of 

y(h) beyond the range where the variogram model levels off. It represents the a priori variance 

in a dataset (Woodcock et al. 1988a, 1988b). The presence and height of a sill in experimental 

variograms provide a meaningful guide to preliminary interpretation of image data and, as stated 

above, form the determining characteristics in defining a model as bounded or unbounded.

The lack of a sill may be indicative of trends in the data (e.g. scan-angle effects) or may simply 

imply that the scales of spatial variability are larger than the maximum range sampled (Jupp et al. 

1989). Should a sill be present, its height may be used in place of calculating spatial variance and 

therefore may be used to interpret various aspects regarding the structural arrangement of objects 

in a scene (see Section 2.2.4 above).

The Nugget

Many variogram models include a nugget component. Semi variance accounted for by the nugget 

is spatially independent at all scales (Atkinson 1993) so the nugget itself is simply a flat additive 

component to the model with a constant value of y(h) at all lags (Figure 2.4). In nested models the 

nugget manifests itself as a positive intercept of the ordinate.

The nugget essentially represents the initial variance of a dataset (Jupp et al. 1989) with the 

difference between the nugget and the sill constituting the proportion of total variance that may be 

modelled as spatially dependent. There may be many possible reasons for its presence. The most 

important of these are the presence of microstructures introducing spatial variability at distances 

smaller than the smallest sampling distance (Oliver et al. 1989a) and uncorrelated noise (Jupp 

et al. 1989), although once the latter has been introduced it may be difficult to tell whether the 

nugget variance is a result of the noise error itself or whether it arises from intra-pixel variabilities.

Given that remotely sensed image data are rarely perfect measurements of reflectance, the presence 

of a nugget may also be attributable to measurement error of various types (Atkinson et al. 1996).
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If the experimental variogram is made up of overlapping observations (as is the case in remote 

sensing, where the point spread function of an image means neighbouring pixels overlap) then the 

contribution of intra-pixel variability to the nugget effect is negligible and the nugget may be used 

as an estimate of measurement error (Curran and Dungan 1989, Atkinson 1993, Chappell et al. 

2001). Note that such estimates may still include nugget effects attributable to undersampling 

as well as any inaccuracies associated with the fitting of an inappropriate model (Atkinson et al.

1996).

2.4.3 Model Fitting

There are several choices when picking a method with which to fit an authorised model to the 

experimental variogram, the main consideration being to select an estimator that produces the 

most similar curve. Traditional practice has been to estimate the sample variogram for a few lags 

in any given direction and to then manually pick a model based on the visual appearance of the fit. 

This has obvious practical drawbacks and implications for achievable levels of accuracy and has, 

in more recent research, been replaced by various analytical methods.

One recently proposed method has been the use of linear programming (Chen and Jiao 2001). 

Here, theoretical model functions are transformed into linear equations, the non-negative solutions 

of which are then used to provide variogram model parameters.

The most commonly applied technique for variogram model fitting though has been the method of 

weighted least squares (Jian et al. 1996, Merino 2000). The method consists of estimating vari

ogram values for a few lags (enough to adequately characterise the range and sill) and minimising 

the mean square error (mse), i.e. the mean square differences between experimental points and 

model values based on some weighting scheme

k
mse = ^  Xi [%hi) -  y{h i)f (2.17)

£=1

where T; is the weight, f(hi) is the experimental variogram for lag hi, with i = l...k and y  {hi) is the 

candidate modelled variogram.

Determination of the weighting scheme X can vary and several alternatives have been used in 

the literature. The most common is the Cressie (1991) cost criterion (Equation 2.18), although a 

number of others also exist. Zhang et al. (1995) provide a modified alternative (Equation 2.19), 

which attempts to improve Cressie’s criterion by maintaining constant weights throughout multiple 

iterations and giving the same cost to both positive and negative deviations.
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A, = ^  (2.19)

where Nh is the number of pairs of sample points at lag h.

The principal idea behind using these schemes or others like them, is that observations made at 

shorter lags should get higher weightings given that the number of available samples decreases 

with increasing lag distance. Thus, weights are assigned depending on the number of pairs of 

comparisons used in each observation. Alternative methods for assigning weights include using 

the inverse function of the estimates themselves, or expected semivariances (Oliver et a l 1989a). 

The differences in fitted models produced by the various weighting schemes tend to be subtle, so 

choice of weighting scheme is not always of highest importance.

The actual fitting procedure itself is essentially an iterative non-linear inversion as most of the 

authorised models tend to be non-linear in either one or more of their parameters. Gotway (1991) 

gives a short description of the use of a nonlinear regression computer package to fit semivariogram 

models according to Cressie’s criterion. A review of potential algorithms is beyond the scope of 

this study and the reader is referred to Press et al (1994) where the means of implementing a wide 

variety of algorithms is described in detail.

The model fitting can be applied using a number of simple or nested models and a number of 

measures used to test its appropriateness. A commonly applied statistic is the relative RMSE 

( y/mse). Albeit simple to calculate, a significant drawback associated with the RMSE is the fact 

that it can be easily reduced through the application of a more complex model and therefore is 

biased and does not provide a consistent means of comparing results across models with varying 

numbers of parameters.

A more appropriate measure is the Akaike Information Criterion or AIC (Akaike 1974), as given 

in Equation 2.20.

AIC = N\n(L) +2km (2.20)

where N  is number of data points, is the number of parameters in the model to fit m and L is 

the likelihood function used as a measure of fit. The AIC has been shown to be an accurate, robust 

and objective measure for model selection (Matsuoka and Ulrych 1986). It gives an estimate of the 

goodness of fit, whilst taking into consideration the number of parameters used in the model m and 

thereby forms a tradeoff between the model fit, which may reduce the RMSE and the complexity
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of the model, as indicated by km- Minimising the AIC identifies the model with the best fit, i.e. 

when comparing fitted objects: the smaller the AIC, the better the fit.

The preceding sections have provided an introduction to experimental and model variograms and 

described associated parameters. The following sections discuss the principal applicaitons of var

iogram analysis to remote sensing data over forested areas.

2.5 Variogram Analysis in Remote Sensing

There have been a number of studies aimed at understanding the causes of spatial variations in a 

scene and relating them to features of both image texture and ground vegetation. Some of these 

have been discussed in Section 2.2 above. This section aims to examine some of the work directed 

at incorporating measures of semivariance into the derivation of scene structural parameters.

2.5.1 Kriging and the Variogram

Traditionally, the most widely applied use of variograms has been for estimating unknown val

ues in the context of kriging. Kriging is an interpolation technique named after a South African 

engineer, D.G. Krige. It essentially involves the interpolation of a set of limited samples using esti

mates obtained by weighting each of a number of sample data within a given radius of the estimate 

(Burrough and McDonnell 1998). The idea is that the closer the known data are to the unsam

pled location, the more likely they are to be similar to the unknown value and should therefore be 

assigned a higher weight.

Given that the variogram represents the form of spatial dependence present in the data, it can be 

used to determine the weighting scheme. This is done by using the variogram model co-efficients 

to solve the kriging equation (Oliver et al. 1989b). Kriging forms the basis of an interpolation 

scheme carried out in Chapter 4 and further details of the technique are provided in Section 4.2.4.

Co-kriging

Similarly, the variogram can be used in co-kriging, which is simply an extension to the idea of 

kriging used to incorporate multiple variables (Curran and Atkinson 1998). It is a technique based 

on the idea that if two attributes x  and y are spatially correlated then information on the spatial 

variation in x  may be used in mappping y (or vice versa).

In remote sensing for forest parameter mapping, this essentially translates into the idea that soil 

and vegetation and therefore the reflectance from either, are spatially correlated, both individually
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as well as together. Variograms built from reflectance observations acting as primary variables may 

therefore be used to estimate secondary variables such as green leaf area index or biomass (Atkin

son et al. 1994). Alternatively, remote sensing data may be combined with ground measurements 

and used to provide ancillary variables for use in co-kriging (Dungan 1998).

2.5.2 Semivariance as a Textural Classifier

In addition to applications based on co-kriging, variograms and texture analysis have also been 

widely used for utilitarian purposes such as feature segmentation or classification. A comprehen

sive review of geostatistical classification is provided by Atkinson and Lewis (2000), to which 

the reader is referred for information beyond the short description of principal methods as given 

below.

Generally, texture information may be incorporated into classification schemes in one of three 

ways. The first is not reliant on the calculation of a variogram per se but uses texture measures 

described in Section 2.2.3 as additional channels of information in differentiating between land 

classes. Franklin et al. (2000) have used homogeneity and entropy to perform maximum likelihood 

classifications of soft and hardwood forests from high resolution multi-spectral airborne data and 

found that their addition improved classification accuracy by 10-15%. Local variance has also 

been used in differentiating classes: Ryherd and Woodcock (1996) used it in threshold based 

segmentations to identify different forest stands in both Landsat TM and SPOT imagery.

In the cases mentioned above, texture is used as a class-specific selective variable in the classi

fication. Cases where values calculated from the experimental variogram are themselves used to 

inform the classifier (rather than using simpler texture measures) constitute the second approach. 

Research of this nature has been much stimulated by the work of Miranda et al. (1992), which 

was further developed by Carr (1996) and Miranda et al. (1996, 1998). They describe the imple

mentation of a Semivariogram Textural Classifier (STC) applied to a series of radar images that 

follows a number of steps. First, windows located on training areas of the image (of known land 

cover type) are used to calculate representative variograms for each class. Then, for each pixel 

in the image, the local variogram is calculated and assigned to a class based on the distance to 

each of the training variograms. Multi-spectral information may be further incorporated through 

the use of cross-variograms and was found to improve classification results, since different classes 

often displayed similar variograms within any given spectral band (Carr 1996). The STC was 

found to accurately distinguish between vegetated and flooded land (Miranda et al. 1996); and 

successfully capture the textural expression of the double-bounce effect of microwave energy at 

river margins (Miranda et al. 1998). Similar approaches have been taken for optical data by both 

Lark (1996), who applied the method to a set of panchromatic aerial photographs and Chica-Ohno
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and Abarca-Heraandez (2000), who applied it to Landsat TM imagery.

The third approach to incorporating semivariance into classification is based on the fitted model 

variogram and associated parameters (in place of measures of semivariance themselves). Once 

model coefficients are obtained, they may be used as features in a classification scheme. Ramstein 

and Raffy (1989) are largely responsible for the introduction of this technique in remote sensing. 

They used the parameter a', calculated from the exponential model (Equation 2.16) with a sin

gle lag, as a ‘range estimator’ for a Landsat TM scene of an urban area in France. The range 

estimator is calculated for each pixel in the image, based on a local neighbourhood and used as 

a discriminating variable in classification. A significant advantage of using this approach is its 

reliance on a single lag calculation only. An obvious limitation with Ramstein and Raffy’s method 

is the assumption that the exponential model is an appropriate approximation to the experimental 

variograms derived from the imagery, although the development of range estimators from other 

models (such as the spherical) should allow for quick and efficient comparisons between range es

timates derived from differing models for preliminary analysis of remote sensing data (see Section 

5.2.3).

In addition to the use of simple range indicators, the range derived from a full inversion of the 

experimental variogram against an authorised model may be used to inform the classifier. St-Ônge 

and Cavayas (1997) used estimates of range parameters from fitted spherical variograms to classify 

high resolution MEIS-II imagery. They measured range from directional variograms (calculated in 

directions parallel and perpendicular (as well as 45° between the two) to the illumination source) 

and used empirically derived equations to translate the range measurements into estimates of crown 

diameter, stand density and percent cover. These were then used as secondary sets of images, 

providing three channels of textural information that were weighted and used in conjunction with 

a region growing algorithm for image segmentation, used to delineate forested land.

Although these classification techniques have worked well in the applications described above, 

it is clear that they are dependent upon the presence of clear boundaries between forest stands.

In a tropical environment such as Cat Tien, such boundaries may not be so well-defined and the 

differences between forest types may be more subtle and harder to differentiate, especially in areas 

where local regeneration has caused patches of varying forest to grow alongside each other. Indeed, 

this is a problem common to all classification techniques: they are reliant on the presence of 

distinctive signatures for each class present in the scene. Although this may not present a problem 

when differentiating between areas of open water from areas of dense forest, it will inevitably 

become more problematic when trying to distinguish multiple areas of forest characterised simply 

by variations in crown size or tree height.
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2.5.3 Inverting Authorised Models

Outside the applications of kriging and classification, use of variograms in interpreting remotely 

sensed data have largely relied on establishing empirical relationships between model and ground 

parameters. This is based on the premise that specific features of the variogram may be related to 

individual characteristics of a forested scene.

Periodicity in the variogram for example, arises from the presence of repetitive spatial patterns and 

may therefore be directly related to tree spacing, where periodic objects constitute alternations 

of lit and shadowed parts of trees and ground in between them (Hyppanen 1996). The same 

may be said of periodicity in variograms calculated over scenes dominated by the presence of 

agricultural crops (Lewis et al. 1999). The size of the spacing will determine the amplitude of the 

oscillations in y{h) so that the larger the spaces, the higher the amplitude. It should be noted that 

the contribution of periodicity effects will inevitably vary according to the direction of the transect 

across which the variogram is calculated, reaching a maximum in transects located perpendicular 

to row direction (Riedmann 1999).

Inverted sill values may also be used as indicators of forest structure. Given that the sill represents 

general spatial variance, the most significant relationship is that between the level of the sill in 

a variogram and canopy cover (Jupp et al 1989). However, the sill has also been related to the 

level of vertical layering present in a canopy as well as the local tree density through empirical 

relationships built with ground measurements and inversions of authorised models (Cohen et al 

1990, Hudak and Wessman 1998).

Wulder et a l (1998) extracted parameters associated with directional variograms from CASI 

multi-spectral data to examine relationships between leaf area index (LAI) and the NDVI. The 

technique essentially focused on developing empirical relationships between LAI, NDVI and “tex

ture” (as defined by the variogram and mean semivariance) so as to predict the former from the 

latter two. The ability of these texture measures to differentiate between stands based on forest 

stmcture was essentially exploited to improve regression relationships between LAI and NDVI.

Using The Range of Spatial Dependency

Of all the variogram model parameters used in interpreting information from forested imagery, 

applications based on retrievals of the range have arguably been the most widespread. Its use 

in improving classification accuracy has already been discussed. In addition, it may be used to 

provide quantifiable estimates of a number of forest structural parameters. Given that the range 

is highly correlated to the size of objects in a scene (Woodcock et a l 1988a, 1988b, Jupp et al 

1988, 1989), when calculated for scenes dominated by vegetated surfaces it may be related to the
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mean tree crown size (Cohen et a l 1990). The relationship is basically non-linear, even for images 

acquired with a single illumination angle: when crown size is small, canopy cover is also low and 

shadows fall on the ground meaning that image texture will be finer and characterised by a low 

range. As crown size increases, shadows lengthen and therefore so does the range until the cover 

is such that shadows begin to fall on other trees rather than the ground, at which point the range 

will begin to fall again.

Variogram range may also be related to tree height, although this is generally achieved through 

the common relationship to crown size as a driving variable (Treitz and Howarth 2000). Canopy 

closure has also been correlated to variogram range (Levesque and King 1999): as tree crowns get 

closer together, they merge into a single block with a homogeneous grey tone and a longer range.

An important point to note is that, despite the well-established implications that variogram range 

relates to the mean size of objects in a scene (with associated régularisation effects), studies have 

often reported a spectral variation in the variogram range derived from multi-spectral imagery 

of a single scene (Treitz 2001, Bruniquel-Pinel and Gastellu-Etchegorry 1998, Levesque and King 

2003), which implies that the range may not always be simply related to the underlying structure of 

the scene. Atkinson and Emery (1999) demonstrate this spectral variation in range using field data 

acquired at two sites, for over 200 wavebands. They note that the range is spectrally dependent and 

appears significantly greater for wavebands placed within the near-infrared than those in the visible 

spectrum. Little work has been done towards explaining this phenomenon: Bruniquel-Pinel and 

Gastellu-Etchegorry (1998) suggest it may be attributed to reflectance and reflectance differences 

amongst scene elements but go no further than this in their explanation. Section 5.8 in Chapter 5 

examines this spectral variability in range more closely and offers an explanation for its cause.

Note that there are a number of further factors which may complicate the use of variogram range 

in structural parameter retrieval. In scenes with very low vegetation cover semivariance will be 

affected by the reflectance of the soil surface, which may change the overall shape of the variogram. 

This causes particular problems in the case of bright soils where well-illuminated parts of trees are 

more inclined to be similar to the background soil reflectance values, which in turn means there is 

less likelihood of being able to distinguish a clear range to relate to tree size. In the presence of 

multi-spectral data this problem may be alleviated through the use of NDVI imagery for calculating 

semivariance (Lacaze et al 1994). In scenes with high vegetation cover or in areas of open 

canopies made up of very tall trees, the presence of an understorey may also affect semivariance 

estimates. However, even in high resolution imagery the elements of an understorey are often 

smaller than the individual pixel size and its influence is therefore most commonly associated with 

a nugget effect rather than a change in the value of the range (St-Ônge 1999).

With regard to tree size inversions, if the data are of high enough resolution then microstructure
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variations such as crown shading may complicate any underlying relationship between range and 

crown size because spatially correlated variance within a single object will result in the presence of 

short ranges unrepresentative of mean object size (Levesque and King 2003, O’Dwyer and Lewis 

2003). Although this may be considered a drawback to the use of the range, some authors have 

taken advantage of it to investigate forest structural damage at polluted study sites. Levesque and 

King (1999) have used the range as an indicator of variogram sensitivity to within-crown variance. 

This was based on the premise that should tree crowns open up (due to stress or disease in this 

case), the leaves will become more clustered and there will be an increase in the proportion of 

shadowed areas within the crown. This will in turn, result in a shortening of the range, often to a 

size smaller than the total crown diameter.

The establishment of empirical relationships between forest canopy structure and texture that are 

robust and accurate is necessarily difficult because it relies upon the ability to both accurately 

discriminate stands and quantify tree size and stocking for the different areas of an image (ei

ther through ground surveys or other image interpretation techniques). Some authors have there

fore concentrated their studies on using three dimensional tree models, combined with reflectance 

models, to generate artificial images where all parameters of interest can be varied individually. 

Empirical relationships can then be built with confidence and later applied to real image data. This 

is similar to the methods adopted in the current study and as such, the remainder of this chapter 

focuses on various aspects of the scene-modelling approach.

2.6 A Scene-Modelling Approach

The modelling approach relies on generating a series of artificial images that represent more or 

less exactly the scene of interest. Textural analysis may then be applied to the simulated data 

and empirically related to parameters used in building the scene. Modelling is a powerful tool 

in establishing links between forest and variogram parameters in that it allows images to be built 

where only the biophysical parameter of interest is varied. It also allows imagery to be generated 

with a range of different viewing and illumination geometries, to analyse how relationships vary 

with a changing viewing and illumination configuration.

A review of potential scene-modelling techniques is beyond the scope of this work and only a 

limited number of methods will be discussed. Primary focus will be upon the geometric-optical 

(GO) approach since this forms the basis of the method adopted herein. Limited reference will 

also be made to some alternatives, including the use of 3-D radiative transfer (RT) scene models.
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2.6.1 Geometric-Optical Scene Models

The development of geometric-optical models for scene modelling in remote sensing is largely 

attributable to Li and Strahler (1985, 1986), who developed such models for use in interpreting 

the Bidirectional Reflectance Distribution Function (BRDF) and angular variation in observed 

reflectance from conifer forests. Geo-optical models use simple shapes such as ellipsoids on sticks 

to create scenes of objects arranged on a plane, which produce shadows according to the viewing 

and illumination configiu'ation. The scene is composed of three dimensional objects (these being 

trees in the case of forested scenes) and parameterised by their size, shape and density. There may 

be many classes of objects, although each will have a set of unique properties that characterise it 

and will be both approximately spectrally homogeneous and separable from the background and 

other objects in the scene (Jupp et al. 1988). GO models thereby emphasise the effects of canopy 

geometry on the radiative transfer process that results in observed reflectances and assume that the 

pattern of sunlit and shaded objects and background, as seen from a particular viewing position, is 

the primary factor controlling the reflectance observed for any given pixel.

A key point to GO models is that they take the reflectance (or radiance) from any given scene to 

be an area weighted sum of the reflectances (or radiances) associated with the ‘scene elements’ 

found within a given field of view^. These may be smaller or larger than the size of an individual 

pixel and the association with linear mixture models is clear. In the case of a vegetated scene, 

the scene elements comprise sunlit ground, sunlit crown, shaded ground and shaded crown. Each 

has a characteristic mean reflectance signature and reflectance of the scene as a whole is taken 

as a linear combination of all scene elements, each weighted by its areal proportion, as seen in 

Equation 2.21 (Li and Strahler 1985, 1986).

PX ~PscPsc PsgPsg PbcPbc PbgPbg (2.21)

Psc Psg Pbe Pbg = 1 (2.22)

where p  is the scene element reflectance, P the proportion, sc is sunlit crown, sg sunlit ground, be 

shaded crown and bg is shaded ground.

Using Equation 2.21 the reflectance from a forested scene can be easily simulated (Li and Strahler 

1986). Note that in the case of forested scenes it is also possible to ‘lump’ scene elements together 

and simplify the model. Generally this ‘lumping’ assumes that sunlit ground is of primary interest

and therefore sunlit crown, shaded crown and shaded ground are combined into a composite scene

^Note that the literature most commonly refer to these scene elements as ‘components’. This term is not used here 
to avoid confusion in later chapters when the notion of ‘component variograms’ is introduced.
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elem ent (Jupp and W oodcock 1992). Alternatively, in scenes acquired in the hotspot direction, it is 

clear that the model may be reduced to two scene elements sim ply by disregarding the shadowing 

effects. A schem atic diagram  illustrating the scene elements o f interest in a full GO model for a 

forested scene is given in Figure 2.7.

sc  sunlit crown 
sg: sunlit ground 
b e  ^ a d e d  crown 
biL diaded tauuiui

Figure 2.7: Scene elements for a GO model representative of a forested area

In their original development primary vegetation com ponents such as leaves, branches and stems 

were not included in GO models. Rather, these early models concentrated on characterising larger- 

scale canopy architecture using the spatial distribution of elem ents such as whole tree crowns (Li 

and Strahler, 1985, 1986). However, GO models have since been developed to include individual 

leaf considerations: either as a multi-stage model consisting of nested GO models where the tree 

crown provides a boundary within which are placed all the leaves again described by shape, size, 

density and orientation (Strahler et al. 1991); or by considering each tree crown as a complex 

surface covered with micro-scale structures that are leaves (Chen and Leblanc 1997).

Further developm ents in GO modelling also include improved considerations of mutual shadowing 

on tree crowns (Li and Strahler 1992), as well as an incorporation o f the hotspot effect and effects 

associated with canopy clumping (Chen and Leblanc 1997). M ore recently models have also 

been adapted to include a consideration of multiple scattering in the canopy. This has been done 

by coupling GO models with radiative transfer models to form a hybrid  model where multiple 

scattering is dealt purely by the RT models (Li et al. 1995). Alternatively, it has been achieved 

using view factors between various sunlit and shaded scene elem ents, where geometrical effects 

may be propagated to second-order scattering (Chen and Leblanc 2001). For a full review of the 

various m odifications to GO models used in recent applications to vegetation structural parameter 

retrieval the reader is referred to Chen et al. (2000).

With or without the various refinements, GO m odelling provides a simple yet powerful tool for
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applications analysing forest stmcture. In remotely sensed imagery, particularly of high resolution, 

the light and dark patterns making up image texture are predominantly determined by the distri

bution of sunlit tree crowns and their projected shadows. These shadowing patterns are in turn, 

primarily controlled by the three dimensional stmcture of the forest elements i.e. the size, shape 

and density of trees. Given that GO models are based on these same principles of shadowing from 

stmcture, the incorporation of such a model into the analysis of forested scenes is clearly benefi

cial. Sunlit and shaded scene elements may be easily calculated and used in image interpretation; 

and they are directly relatable to vegetation stmcture on the ground. GO models therefore provide 

convenient tools for both looking at the effects of vegetation changes on the reflectance signals and 

for identifying stmctural changes. In addition, GO models have the advantage that they are simple 

and easy to use as well as being easy to validate.

One of the principal advantages of GO models may arguably be their ability to accurately model 

the spatial variance and co-variance of images (Li and Strahler 1985, Jupp et a l 1988, 1989, 

Woodcock et a l 1988a, 1988b). This has encouraged their use in studies aimed at examining 

the spatial stmcture of remotely sensed images to derive forest parameters. Ni and Jupp (2000) 

provide a simple and comprehensive review of the applications of GO modelling to the spatial 

interpretation of imagery acquired over forested areas. Given the direct relevance to the context 

of the current study, some of the more significant aspects of this kind of work are given in the 

following section.

2.6.2 GO M odels and Spatial Statistics

The development of second order models for image interpretation relies on the presence of spatial 

autocorrelation, i.e. the fact that the closer in space two pixels are, the more similar they will 

be. This gives rise to a measurable spatial stmcture present in images that is determined by the 

size and spacing of objects within a scene, as well as the spatial resolution at which the image is 

acquired (Jupp et a l 1989).

The earliest studies in the field of remote sensing relating spatial statistics (with emphasis on 

spatial variance) derived from images to forest stmctural parameters were those performed by Li 

and Strahler (1985, 1986). They investigated theoretical relationships with a crown size inversion 

model and applied them to image data. Woodcock et a l (1988a, 1988b) and Jupp et al (1988, 

1989) extended this kind of work to provide a significant proportion of early development work 

in relating spatial statistics to simple images and scene models (primarily the ‘disk’ model). They 

demonstrate how spatial statistics may be used to describe the autocorrelation in an image com

posed of discrete objects and explore the ways in which retrievable spatial stmcture is affected by 

régularisation.
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The model initially proposed by Li and Strahler (1985) and all its subsequent derivatives, is of 

particular interest in that it allows for an inversion of tree structural parameters from estimates of 

the mean and spatial variance. The geometrical parameters of interest in the Li-Strahler model 

inversion for a forested scene are tree height h (measured to mid-crown only) and crown radius, 

both in a vertical direction and horizontal direction r/j. These are related to a statistic m (Li and 

Strahler 1985) as seen in Equation 2.23.

m = Xr\ (2.23)

where À refers to tree density. This m statistic has been called the ‘crown area index’ (Ni et al. 

1999) or ‘treeness’ parameter (Woodcock et al. 1997). Assuming that tree crowns may be mod

elled as disks, when m is considered as a spatial mean over a forested region, it may be denoted M 

and can be related to tree density and canopy cover as

7tM  = AA (2.24)

Cover = 1 -  e ' '^  (2.25)

where À represents the mean area of the crowns.

Inversion of the Li-Strahler model can then be described as a number of steps: firstly, an estimate 

of m is obtained from the measured reflectance data for each pixel. This involves unmixing the 

scene elements and then estimating m back from the model (Ni and Jupp 2000). Then the mean 

and variance of m are used to invert tree size and canopy cover. These in turn may be used for 

forest parameter mapping.

Inverting the Li-Strahler Model with Spatial Variance

Successful inversions of the Li-Strahler model have been widely reported in the literature. Early 

work includes that of Franklin and Strahler (1988), who inverted the Li-Strahler model using

local spatial variance to get regional estimates of crown size and tree spacing from Landsat TM

data over woodland sites in Mali, West Africa. The method was found to work even when the 

spatial resolution was too coarse to identify individual crowns, although the model was found to 

be highly sensitive to the background reflectance signature and the separability of background 

from tree reflectance. More recently, the Li-Strahler model has been successfully applied to the 

inversion of canopy cover, crown size and tree density from Landsat TM data over Queensland 

Australia (Scarth and Phinn 2000). The authors used spectral mixture modelling to provide initial
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estimates of Psg needed for model inversion and corroborated the inverted results against field and 

air-photo data.

Not all inversions of the Li-Strahler model have been so positive though. Woodcock et al (1997) 

presented results from inversions of the Li-Strahler model, again using Landsat TM data although 

with much more limited success. Derived estimates of forest cover (as quantified by the m statistic) 

were found to be reliable for parameter mapping, although the separation of tree density and crown 

size was poor. They reported that the primary reason for the inaccuracies found was an inconsistent 

relationship between spatial variance and ground measurements of tree size. In addition, given 

that canopy cover was accurately estimated, they attributed failures in the derivation of tree size 

to limiting underlying assumptions regarding the spatial distribution of trees. In the Li-Strahler 

model this distribution is assumed to be a Poisson one (Strahler and Jupp 1990). It was therefore 

suggested by Woodcock et al (1997) that spatial patterns of trees that diverge from the Poisson 

distribution would adversely affect variance estimates and lead to inaccuracies in tree size retrieval.

It has also been suggested that the failure to accurately retrieve tree size using Li-Strahler model 

inversions in the work of Woodcock et al (1997) could be attributed to the limited angular sam

pling of Landsat TM data (Ni et a l 1999). Exploitation of information contained within the BRVF 

has been briefly considered in Section 2.2.4 above. Ni et al (1999) suggest that image derived 

BRVFs contain effects attributable to variations in tree size. Futhermore, they clearly demonstrate 

the ability of a ‘two-component’ GO model (combining sunlit crown, shaded crown and shaded 

ground) to accurately model the behaviour of BRVF from high resolution ASAS imagery, which 

implies that such a model may be used to incorporate BRVFs in model inversions and improve the 

estimation of tree size.

Further Uses of the Li-Strahler Model

In addition to simply inverting the Li-Strahler model to derive estimates of tree structural pa

rameters, a number of researchers have made use of the Li-Strahler GO model to investigate the 

behaviour of spatial statistics with varying environmental and sensor characteristics. Some of these 

have been discussed in Section 2.2.4 above.

Coops and Culvenor (2000) have simulated scenes using a GO model based on the Li-Strahler 

model, modified to allow for high resolution data. For each of these scenes, they then used a 

measure of ‘texture variance’ to identify the location of individual trees. This measure constituted 

the mean value of the standard deviation at increasingly large windows of pixels and served as an 

estimate of the local variance. The texture variance was found to be highly influenced by both 

the mean crown size as well as the % canopy cover. It was therefore suggested that, assuming an
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estimate of the former is provided a priori, the spatial pattern of forested scenes could be derived 

using texture variance from high resolution data.

The application of statistics such as the texture variance used by Coops and Culvenor (2000) relies 

on the fact that local image variance will be high around the perimeter of tree crowns and low in 

the center. The ideas are similar in theory to those utilising local maximum filtering techniques 

(Section 2.2.2 above). The use of either method though is highly sensitive to both the spatial 

resolution of the imagery, as well as the window size of the filter used, and if the window is much 

smaller (or larger) than the mean crown size, there will be no observable relationship between 

variance and spatial pattern. Therefore an initial analysis using estimates of semivariance and 

associated range parameters may be beneficial in determining the operating window size (Coops 

and Culvenor 2000).

Another recent study examining measures of texture variance with the Li-Strahler model is that of 

Song and Woodcock (2002). Here local variance was characterised by estimates of semi variance 

at a lag distance of 1. The authors used this measure of local variance (as well as simulated image 

variograms) in conjunction with a hybrid GO-RT model coupled with a forest ecosystem dynamics 

model to examine the spatial structure of imagery at multiple spatial resolutions and study the 

associated régularisation effects across multiple forest stands. In particular, an assessment of the 

separability of forest stands in terms of age (i.e. forest succession) was provided and found to be 

significantly influenced by spatial resolution.

Empirical Studies for Scenes Simulated with GO Models

With regard to the application of GO models and measures of semivariance, they have also been 

used to calibrate empirical relationships between variogram model coefficients such as the range 

and sill and forest structural parameters such as tree size and density. This is generally done by 

first generating a series of simulated images with varying structural parameters and then fitting au

thorised models to image-based experimental variograms. Given that the parameterising variables 

(tree size and spacing) are known in each case, empirical relationships may then be built between 

fitted variogram range (or sill) and forest structural parameters of interest.

The work of St-Ônge and Cavayas (1995,1997) took this approach and used a GO model to provide 

high resolution simulated images, which were used in training the computer to estimate tree size 

and stocking from modelled variogram parameters. They used separate models for crown size, 

tree height and tree density and established relationships through multiple regression analysis. The 

resultant regression equations were then used to predict the forest structural information from both 

simulated and real imagery, with highly accurate results. A consideration of topographic effects 

was included by St-Ônge (1999), who simulated multiple scenes of varying sun-terrain geometry
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and investigated variations in retrieved range and sill. The effects of ground slope were found to 

be determined by crown closure alone, causing larger ranges with increasing gradients.

Although GO models may be considered to dominate the scene-modelling approach to quantifying 

texture, some authors have used alternative scene models in the analysis of spatial variance and 

CO -variance. These are predominantly radiative transfer models and a brief consideration of their 

place in the literature is given below.

2.7 Alternative Spatially Explicit Scene Models

Radiative Transfer (RT) models are physical models of canopy reflectance that use a solution to 

the radiative transfer equation to describe scattering and absorption events in a canopy. Several 

approaches have been proposed in the past to model radiative transfer within canopies for appli

cation to the analysis of remotely sensed images. Most of these use a turbid medium approach, 

which treats the vegetation as a medium filled with small planar elements (leaves) of negligible 

thickness and area (Knyazihhin et al 2002). The principal advantage of using such an approach is 

that it allows for a number of approximations and simplifications for canopy scattering behaviour. 

Most of the models using a turbid medium approach are used for plane parallel solutions and are 

not spatially explicit. Some exceptions are discussed below.

2.7.1 A Vector Based Approach

An example of a vector based method for canopy reflectance modelling is provided through ray 

tracing. Ray tracing essentially works by ‘firing’ rays (photons) from the imaging plane of a 

sensor into a three dimensional scene, calculating their intersections with objects located within 

the scene and determining the behaviour of the rays at each intersection (Lewis 1999a). The nature 

of numerical ray tracing models is such that they can be used with objects defined as both solid (as 

in the geometric-optical approach) or volumetric (where scattering is treated with radiative transfer 

theory), although in each case an explicit representation of the spatial location of objects may be 

maintained.

One such model is the Botanical Plant Modelling System (BPMS), as developed by Lewis (1999b). 

This has been used as a tool in examining the spatial structure of simulated data (as quantified by 

the variogram) where objects comprising a vegetation canopy are explicitly spatially located in 3D 

(Lewis et a l 1999, Riedmann 1999). A modified version of this model, the aDvanced Radiometric 

rAy Tracer or DRAT (Lewis 2002), forms the basis of simulation work performed in this study and 

is discussed in greater detail in Section 5.6.1 of Chapter 5.
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2.7.2 A ‘Voxel’ Based Approach

The voxel based approach uses a solution formed over a 3D gridded space. The principal model of 

interest in investigations of spatial statistics is that developed by Gastellu-Etchegorry et a l (1996), 

known as the Discrete Anisotropic Radiative Transfer, or DART model. This is an extension of the 

K-K model (Kimes and Kirchner 1982), where scenes are divided into rectangular cell matrices 

and radiation is simulated with the discrete ordinate method^®. Each cell in the matrix (voxel) 

represents any given scene element (i.e. tree crown, trunk or ground) and has specific optical 

and structural characteristics. Voxels representing vegetation are assumed to be in themselves a 

homogeneously distributed medium, i.e. a bounded turbid medium. In this way, radiative transfer 

modelling is used to simulate canopy reflectance whilst maintaining a spatially explicit description 

of the scene. As such, it is appropriate for studying spatial structure and may be used to investigate 

relationships between spatial statistics and ground parameters.

Pinel et al (1996) and Bruniquel-Pinel and Gastellu-Etchegorry (1998) have used the DART 

model to derive empirical relationships between scene spatial structure and variogram model pa

rameters. They simulated a series of high-resolution images and investigated how variations in tree 

spacing, crown size, LAI, viewing and illumination angle and spatial resolution affect retrievable 

information. Variograms were calculated for each simulated image and fitted with an exponential 

model. Associated range and sill parameters, together with information on the period and ampli

tude of oscillations in y{h), were then analysed and shown to have a complex dependency upon 

the various biophysical and acquisition parameters used in simulating the scene. Theoretical re

sults were tested using high resolution multi-spectral RAMI data. Potential applicability of the 

empirical relationships was demonstrated, with differences between theoretical and image-based 

results explained through inappropriate modelling of atmospherical effects, sensor characteristics 

and the presence of an understorey. One of the principal findings with regard to both simulated and 

acquired imagery was a spectral variation in range between variograms calculated for visible and 

near-infrared images. This is in accordance with other empirical studies (Treitz and Howarth 2000, 

Treitz 2001, Levesque and King 2003, Atkinson and Emery 1999). It is assumed by Bruniquel- 

Pinel and Gastellu-Etchegorry (1998) that the differences occur due to spectral variability in re

flectance contrast between scene elements, but they go no further in their explanation.

2.7.3 A Potential Approach for Microwave M odelling

The ideas governing the DART model (i.e. a 3D gridded cell approach) have been similarly used 

by Sun and Ranson (1995) to create a spatially explicit microwave radiative transfer model, for

î.e. using a finite number of fixed incident and scattered radiant flux directions.
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use in the analysis of radar images. Given the potential for radar frequencies to penetrate a canopy, 

backscattering may be assumed to be a combination of various scattering components from dif

ferent portions and layers of the scene (including multiple scattering). Five backscattering com

ponents were considered in the Sun and Ranson (1995) model: direct backscattering from the 

crown; direct backscattering from the ground; direct backscattering from the trunk; crown-ground 

scattering; and trunk-ground double bounce. These were calculated using a ray tracing method. 

Field measurements from a mixed coniferous and hardwood forest were used to parameterise the 

model and the resulting simulated backscatter coeflficients compared to multi-frequency (P, L and 

C bands) polarimetric AIRSAR data. The effects of speckle were incorporated into the simula

tions through the use of zero-mean, multiplicative Gaussian noise. Results show that the model 

has a good predictive capability at all polarisations for all wavebands, with correlation coefficients 

significant at a level of p  = 0 .0 0 1 .

The Sun-Ranson model has been used to relate quantifiable texture measures to biophysical pa

rameters from simulated and acquired radar data. Sun and Ranson (1996) used an analysis of the 

periodicity present in variograms calculated over AIRSAR data and corresponding simulations to 

infer information on logging patterns in an area of managed forest. Izzawati et al. (1998) also used 

the Sun and Ranson model and similarly showed that recurring spatial patterns (in this case tree 

spacing in an oil palm plantation) may be related to the periodicity in directional variograms. Fur

thermore, in the case of low resolution imagery where data may be considered undersampled, they 

showed that the tree spacing may be recovered through the use of directional variance information.

In both studies the directionality of variograms can be seen to be highly influential in determining 

the information content of experimental variograms.

2.8 Summary

This chapter has reviewed some of the methods available for forest parameter mapping from re

mote sensing data. Particular reference has been made to techniques that concentrate on extracting 

information from the spatial domain of information with the focus on potential uses of variogram 

analysis. Traditional approaches to modelling the variogram have been described, which primar

ily involve the use of simple authorised models with quantifiable parameters (the range, sill and 

nugget). The interpretation of these parameters with regard to the inherent spatial structure under

lying a remotely sensed image has been discussed, with various examples given of both its use in 

the literature and the associated advantages and disadvantages.

Given the drawbacks associated with a wholly empirical approach, the potential for incorporating 

scene models into the spatial analysis of remotely sensed data has also been considered. This 

has concentrated on assessing the widespread use of geometric-optical models, which provide a
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spatially explicit means of modelling forested scenes using simple geometrical shapes to represent 

biophysical elements (i.e. tree crowns and trunks). The means of using this type of scene model 

with spatial statistics such as local variance and variogram range to infer information on forest 

structural parameters has been reviewed and commented on.

Regarding the various approaches discussed here, two points of interest should be noted in partic

ular:

1. The use of authorised models The first concerns the necessary restrictions involved in limit

ing potential variogram models to a set of classical authorised models. Abstracting the scene model 

variogram to a classical shape may be considered unnecessary in the case of remote sensing, where 

a very large number of samples are available to calculate reliable experimental variograms for both 

image and simulated scenes. It could be argued then, that rather than fitting classical models to ex

perimental variograms from simulated data and using associated range and sill parameters to build 

empirical relationships to biophysical parameters, scene simulations could be used to provide a 

set of candidate model variograms for direct use in inverting experimental variograms obtained 

from the data (O’Dwyer and Lewis 2002). The candidate variograms are derived from physical 

realisations of scene structure and inversions may be used to directly infer information about forest 

structural arrangement in the scene.

2. The assumption that variogram range relates to object size The second point to note 

(related to the first) concerns the widespread assumption that the range of a variogram is directly 

related to the underlying spatial structure of a scene (most commonly quantified as a measure of 

object size). Jupp et al. (1988, 1989) demonstrate the validity of this assumption for a simple 

disk model where the scene constitutes overlapping disks of constant brightness placed randomly 

on a uniform background. This however, does not support the widespread generalised assumption 

that the range associated with variograms from any remotely sensed image is a function of intrinsic 

properties of the ground structure unaffected by radiometric properties, as reported in the literature.

In particular, observations of spectral variability in the range noted in both real and simulated 

image data (Bruniquel-Pinel and Gastellu-Etchegorry 1998, Treitz and Howarth 2000), as well as 

field data (Atkinson and Emery 1999) suggest that this is not true.

The work in this study aims to investigate the potential of using spatial statistics such as the semi

variogram and local variance for forest parameter mapping from remote sensing data. It builds 

on scene-modelling work described above and in particular attempts to address the two principal 

points of interest (outlined above) arising from previous studies. The following chapter introduces 

the field site and describes the various data available for undertaking the study.
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3.1 Introduction

Chapters 1 and 2 have outlined both the need for a suitable and robust method of forest parameter 

extraction for the study of long term vegetation dynamics and change and the commonly used 

approaches applicable to multiple datasets. Cat Tien National Park was introduced as a site that 

has both experienced large scale land cover change in the past and continues to be subjected to 

pressures inducing changes in forest cover. This chapter describes Cat Tien and its environment 

in more detail. It also provides a detailed description of the different datasets used in developing 

and applying the forest parameter extraction technique that is presented. These include a set of 

ground data for use in parameterising the scene models; a limited set of high resolution aerial 

photographs used for building, developing and refining the extraction method; and various sets 

of high, medium and low resolution data for applying the method and testing its robustness and 

accuracy. The latter comprise a larger set of military air-photos over Cat Tien acquired in the 

late 1960s; a set of multi-spectral and multi-angular AirMISR data (2000) over a separate field 

site in Mongu, Zambia and a corresponding set of multi-spectral high resolution IKONOS data. 

Two further datasets over a third field site (Thetford Forest, UK) comprised a set of hyperspectral 

HyMap data and multi-frequency multi-polarisation E-SAR data. These were used in a feasibility 

study and are presented in Chapter 7.

Much of these data required radiometric or geometric correction before use, and the methods 

by which this ‘pre-processing’ was achieved are also described in this chapter. The air-photos 

presented a problem to the normal method of rectification and as such, a new means of geo- 

referencing (using an application of stereomatching) was developed. This forms the focus of the 

following chapter.

3.2 Field Site Description: Cat Tien National Park

3.2.1 General Information

Cat Tien National Park is located in Southern Vietnam (see Figure 3.1). In terms of latitude and 

longitude, the Park extends from 11°20'50"V, 107°09'05"£: to 11°50'20"V, 107°35'20"£.

Cat Tien National Park comprises three main sectors, across three different provinces: Nam Cat 

Tien in Dong Nai Province (38,302 ha), Tay Cat Tien in Binh Phuoc Province (5,382 ha) and Cat 

Loc in Lam Dong Province (30,635 ha) (Polet and Van Mui 1999). It first received protected status 

in 1978 (Wuytack 2000) when Nam Cat Tien was designated a forest reserve. In 1986 this section 

was given full National Park status and Tay Cat Tien was added as a separate nature reserve. 

Cat Loc was then added as a rhino sanctuary in 1992. The three provinces managed the sectors
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Figure 3.1: Cat Tien National Park, Southern Vietnam (source: W orld W ildlife Fund (W W F) Cat 
Tien National Park Conservation Project)
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separately until 1998 when their respective adm inistrations were integrated as a means to improve 

the m anagem ent o f the Park. The Park now encom passes around 74,319 ha o f protected land 

with a heavily populated buffer zone 10km wide of approxim ately 41,122 ha around its borders 

(Wuytack 2000).

The work herein concentrates on examining spatial variations in vegetation structure in and around 

the Ban Sau Wetland Complex, which is situated at the heart of N am  Cat Tien. This wetland is 

centered around 11°27 '48"N , 107°20 '34"£ ' and covers 2668 ha of land com prising a collection 

of perm anent water bodies, seasonally flooded grasslands and scrub forest.

3.2.2 Climate

The Park lies within a tropical monsoon climatic region, with two distinct seasons. The wet season 

extends from April to Novem ber and the dry from Decem ber to M arch. Average annual rainfall 

levels are approxim ately 2731mm* with rain falling on 150 to 200 days o f the year. During the 

wet season when rainfall reaches a maximum, monthly rainfall can exceed 500m m  as shown by 

Figure 3.2.

The mean annual temperature is approximately 27.0°C with the hottest months during the dry 

season. Fluctuations around the annual average tend to be fairly low with monthly minimums of 

25.5°C and m axim um s of 28.3°C^. Humidity levels are high, particularly in the wet season with 

an annual average of 80% (M anh 2001, pers. comm.).

Figure 3.2: M ean monthly rainfall and tem perature for Cat Tien, derived from data recorded at the 
Ta Lai w eather station on the Park’s borders.

‘This figure is based on annual totals taken from Ta Lai weather station. Cat Tien National Park from years 1986- 
2000.

-These figures are based on temperature data collected at Ta Lai weather station, although data was only available 
from years 1995-2000 and as such may not be wholly representative. Fuller historical temperature data (pre-1995) for 
the region can be obtained from (Kalnay et al. 1996), albeit not within the Park’s boundaries
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3.2.3 Topography

Cat Tien National Park is located on the border where the Central Dalat Highland plateaux meet 

the Nam Bo Delta. As a result the topography of the Park is highly variable, comprising a mosaic 

of landforms at a range of altitudes. As this work focuses only on Nam Cat Tien in the southern 

sector, Cat Loc in the north will be here on disregarded.

Nam Cat Tien consists of two major topographical areas, which can be designated east and west 

(Figure 3.1). The eastern part is delimited to the east by the Dong Nai River and to the west by the 

Bau Sau Wetland Complex. It consists mostly of a large river plain inclined towards the Dong Nai 

River with a few gentle hills. Altitudes here do not exceed 150m a.s.l. (Anonymous 1970) and as 

such, most of this area is prone to at least partial flooding during the rainy season. The western 

part in contrast has a much more variable topography consisting of hilly areas with moderate to 

slightly steep slopes. Altitudes here range from 150m to 375m a.s.l (Anonymous 1970). The most 

significant landmark of this area is ‘Tiger Hill’, which borders Bau Sau. This is a large steep hill 

over 2.7km in length, 0.8km in breadth and reaching a maximum altitude of 322.8m (Anonymous 

1970).

The Bau Sau Wetlands, situated between the eastern and western parts of Nam Cat Tien, is a 

topographic region of its own. It is a large swampy area located in a flat depression in the floodplain 

of the Dac Lua stream. Elevations here lie below 130m a.s.l (Anonymous 1970) and the whole 

area is flooded during the wet season (Polet 2000, pers. comm.). Its northernmost extent is the 

Dong Nai floodplain although the distinction between the two is difficult to make, especially in 

the rainy season when floodwaters for both the Dac Lua and Dong Nai river merge and the border 

here is merely political.

The variations in topography are reflected in variations in soil types, the principal difference being 

between the granitic hills with basaltic soils to the west (comprising thin lithosols and strongly 

acidic podzolic soils) and the lowlands with deep alluvial soils to the east and north. Bau Sau 

is also covered in alluvial soils although they are mainly gleyed clay with low infiltration rates, 

which explains the prolonged flooding and saturation during the wet season. Some southern parts 

of the Park are also covered in latosols, which are deeply weathered soils that are chemically poor. 

Figure 3.3 shows an agricultural soil map for the area surrounding Bau Sau.

3.2.4 Hydrology

One of the driving forces behind the establishment and maintainance of Cat Tien National Park is 

to preserve the unique hydrological system that exists there. The Dong Nai River is the biggest 

hydrological feature of the Park, it being the second largest river system in south Vietnam. It
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Figure 3.3: Agricultural soils map for Bau Sau and immediate surroundings (source: Digitised 
from Technical Report 20315, Department of Defence, 1968)

forms the natural border of the Park for over 90km with an average channel width of around 

100m, During the rainy season large areas of land on either side of the river flood. This includes 

large (unquantified) tracts of gallery forest within the Park and 3000-5000 ha of farmed land in the 

buffer zone (Wuytack 2000). It is not the Dong Nai River that is of chief concern here though but 

the Bau Sau Wetland Complex, which is a fragile ecosystem that demands protection.

The Bau Sau Wetland is made up of a number of semi-permanent lakes, which link together in the 

rainy season. It extends over 5000 ha (Saich and Thompson 2(X)1), reaching a maximum surface 

area in August and September where water depths can exceed 3m, in comparison to the average 

depth of 0.5-0.8m during the dry season (Polet, G. pers. comm., 2001). Its uniqueness derives 

from the seasonal behaviour of the Dac Lua stream. The total catchment area of this stream is over 

160km^ and it flows with an average channel width of 16m and a water depth varying between 

0.7m to 6m (Wuytack 2000). It finds its source as a number of smaller streams that come together 

in the hills beyond the northern borders of Tay Cat Tien. It is also fed by several streams sourcing 

in the western hills of Nam Cat Tien.

During the dry season, the wetland is fed by direct rainfall and local runoff in the Dac Lua catch

ment. It enters Bau Sau in the northwestern eomer, flowing east. At the northern tip of Tiger Hill 

it splits into two and one branch flows directly east, whilst the other proceeds south through the 

wetland area and then meanders baek up in a northeasterly direction until it meets up with the 

previous branch in Bau Chim, where they flow north as one again until the reach the Dong Nai 

(Figure 3.4).

In the rainy season however, the situation is quite different. Peak discharges in the Dong Nai River 

cause a reversal in the flow direction of the Dac Lua and water flows into Bau Sau rather than being 

drained from it. This begins to happen in July and continues through the end of September. It is 

a major contributor to the continued flooding of the wetland area and also serves as a key source 

of fresh oxiginated water, as well as a seasonal influx of various fish populations. Although this
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Figure 3.4: The Dae Lua stream and flooded areas of the Bau Sau Wetland (jowrre.contours and 
rivers digitized by M. Manh (CTNP), from a series of Vietnamese 1:25,000 topographic maps, 
unknown publisher)

phenomenon has not been heavily studied, it is nevertheless recognised as an important feature 

with regard to the wetlands sustainability (Van Mui, pers. comm., 2000).

Sustainability is also heavily influenced by the local land cover. As Bau Sau is fed purely by 

rainwater and local run-off during the dry season, any major (or minor) removal of surrounding 

vegetation cover will have a direct impact on the wetlands. Structural changes in vegetation com

position may therefore also affect the input of water to the wetlands through their impacts on the 

interception, infiltration and runoff characteristics of the wetlands catchment. The heavy depen

dence on the Dae Lua stream as a source of water during the rainy season further implies that 

wider changes in land cover (i.e. within the catchment zone of the Dac Lua) may also affect the 

sustainability of the wetland. The monitoring and analysis of spatial and temporal variations in 

vegetation structure throughout this area is therefore of direct relevance to current and future land 

cover management practices.

3.2.5 Vegetation Habitats

Cat Tien represents one of the last remaining examples of tropical lowland evergreen and semi

evergreen forests in Southern Vietnam. A few studies have been undertaken regarding the vege

tation here, but mostly these have concentrated on producing floristic inventories and species lists 

(Nga 1999). Some work has also been done on characterising vegetation structure for different 

parts of the forest (Vandekerkhove et al. 1993). In discussing the vegetation habitats present in 

Nam Cat Tien, it is useful to refer to the nine separate categories identified by the WWF (Polet and
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Van Mui 1999) as discussed below.

The first category is known as evergreen forest. This consists of what is left of the ‘primary forest’ 

of the region and is found in the south-west and eastern parts of Nam Cat Tien, in areas where 

enough water is supplied to support it all year round. The canopy above 20m in height in this 

type of forest is dominated by Dipterocarps and tends to be open natured, with wide spaces. The 

sub-canopy at 10 - 20m height has a higher number of species and is denser, if still somewhat 

fragmented. The shrub layer tends to be poorly developed or absent and ground cover is minimal, 

so the overall species richness for this type of forest is low. Most of the evergreen forest in Cat 

Tien has been selectively logged or systematically harvested at least once in the past and much of 

what is left is in a degraded state due to the over-exploitation of Dipterocarps for timber. On the 

ground there is limited evidence of natural regeneration, although there exists the potential for it 

as the canopy is strongly fragmented and the presence of bamboo is minimal.

Alongside the evergreen forest there is also the semi-evergreen forest, particularly in the north-east 

of Nam Cat Tien. The soil is shallower here so it is more prone to drying and therefore exhibits 

more of a seasonal soil moisture regime. Dipterocarps are found less frequently and the upper 

storey is dominated by Lagerstroemia, which forms a closed canopy at a maximum height of 32 

- 38m. The middle storey at 20 - 27m, is more fragmented and open and very diverse in terms of 

species present. The understorey is very species rich as is the ground cover, which is denser than 

in evergreen forests and mostly made up of rattan, creepers and grasses.

In the south and western parts of Nam Cat Tien can be found the bamboo forest. This represents 

a completely degraded forest with very few if any, original trees of the upper canopy such as 

Lagerstroemia or Dipterocarps still in existence. Bamboo forest now covers a large percentage of 

the area within the Park, having developed in areas that have at one time or another been burnt 

or cleared for cultivation. It consists of a short but extremely dense vegetation cover that tends 

to be relatively young. Once established, it can be very difficult to eradicate as it tends to crowd 

out other plants and can become a serious pest. It is however, of considerable economic value to 

local people and in many areas is still periodically harvested (every four years) for the purposes 

of light construction and creating paper pulp^. This harvesting prevents the natural forest from 

regenerating (because the bamboo is kept young and vital) and stops it from reaching a stage in its 

life cycle where it flowers and dies off. The life cycle of bamboo is relatively short (15 years) so 

if left alone, regeneration should occur on a short time scale. Furthermore, if some tree vegetation 

can establish itself the reappearance of bamboo is made difficult due to its high light-demands.

In areas subjected to incomplete burning the canopy is opened up and bamboo species can occur 

alongside original trees in what is known as mixed forest. This is dominant in the east and south of

^This is still widely practiced in Cat Tien despite its prohibition since 1992.
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Nam Cat Tien. The understorey is significantly denser than the upper storey and is dominated by 

bamboo. A lack of evidence of young Lagerstroemia on the ground in this type of forest suggests 

a lack of regeneration occurring, which makes the future of this type of forest uncertain.

In some parts of the wetland area in the centre of the Park there is a fifth type of forest present: 

scrub forest. This is unlike the other forests in that it consists of a single layer of short vegetation; 

this being either flood-resistant trees or thorny bamboo species. It is not very dense and tends to 

occur in small concentrated patches, normally around the edges of bodies of permanent water.

Large parts of the wetland area cannot support tree vegetation due to continued or long-term inun

dation and are instead covered by grasslands. These are made up of a mixture of grass species as 

well as various forms of Mimosa (although this is not an endemic species) and is a more charac

teristic and certainly more extensive, feature of the Bau Sau Wetlands. The grasses are typically 1 

- 3m high and very dense.

What is left of the Bau Sau Wetland Complex that is not covered by either scrub forest or grasslands 

is generally known simply as wetlands. This essentially refers to the areas of permanent water 

bodies that may contain large tracts of floating vegetation.

As well as the various forms of natural vegetation in the Park some man-made land cover is also 

present, in the form of cultivation. This can be found mostly in the buffer zone, although more 

recently it has been invading the boundaries of the Park especially around the more densely popu

lated villages. On the floodplain of the Dong Nai cultivation mostly takes the form of rice paddies, 

which use the flood-waters of the river as a source of irrigation. On higher ground however, there 

are two categories of cultivation. The first is rain-dependent and includes plots of tobacco, maize, 

sugar cane, bananas and cashew (this latter mostly occurring on sloping land). The second is 

shifting cultivation and can refer to permanent villages using fields in cyclical patterns as well as 

temporary villages using land until the soil is exhausted and then moving on. Shifting cultiva

tion occurs on both flat and sloping ground and the latter type in particular has already started to 

encroach on the Park borders.

The last type of land cover present in the Park as identified by the WWF, is that of plantation. This 

refers to a very small area of the Park in the south-east on the borders of Talai village in the buffer 

zone that is covered in an Acacia plantation, which was first established in 1986.

The presence of all these different types of land cover implies that there has no doubt been both 

spatial and temporal changes in the vegetation structure of the Park as discussed in Chapter I. 

The question is whether or not it can be identifiable. The tropical nature of the region means that 

cleared ground does not remain bare for long and there is a quick re-growth of vegetation. This 

however, is not necessarily a replacement of original species but tends to be a different vegetation 

altogether. It has been suggested above that the re-growth predominantly consists of bamboo and
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other invasive, non-endemic species. These are significantly different in structure to the original 

vegetation of the area, suggesting that changes in land cover should be able to be characterised 

through the identification of local differences in forest structure.

A technique developed for this purpose is presented in later chapters, which encompasses a mul

titude of data used in both development and application of the method. These various data are 

presented and described below.

3.3 Data Description

3.3.1 Ground Data

This dataset is used for parameterising the scene models built in Chapter 5 and for visualising 

the vegetation present on the ground. It refers to the results of a ground survey undertaken in 

April 2001. This was carried out by the author and Lisa Rebelo^ in Cat Tien National Park in 

order to measure various tree structural parameters across different vegetation types present in the 

study site. It was hoped that the results from the survey would serve as a means of establishing 

relationships between tree structural parameters, as well as providing on-site measurements that 

could be related to reflectance from the aforementioned ETM scene.

Twenty two vegetation plots of 30m x 15m were laid out for taking measurements. This size was 

used in spite of the fact that a single ETM pixel dimensions are 30m x 30m because it was not 

possible to lay out such big plots in many areas of the forest due to a lack of access associated 

with thick vegetation growth. The principal aim in locating plots was to cover as wide a variety 

of vegetation types as possible. Actual determination of ground plot location was hindered by a 

number of accessibility issues and time constraints encountered during the ground survey although 

where possible, was done in the following manner: first a known cover type was selected. Local 

footpaths cut by forest guards were used to reach each vegetation type included in the study. 

Once located within the vegetation type two random numbers, ri and rj, were generated from a 

calculator. The first comer of the plot was then located by walking lOOri steps in 360/*2 compass 

direction. A third random number was then generated to identify the compass direction in which 

to lay out the first side of the plot and a fourth random number was used in deciding whether to 

lay the second side of the plot to the right or to the left of the first (^4 < 0.5 : right; 4̂ > 0.5 : left). 

This was done in an attempt to limit the biases incurred in subjective selection of plot location.

The location of each plot (its north-western comer) was recorded using a Garmin GPS III instm- 

ment and all plots are shown in Figure 3.5. As can be seen coverage across the area, in particular

*PhD student, Remote Sensing Unit, Geography Department, University College London
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the western side of Tiger Hill, is severely limited.
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Figure 3.5: Location of vegetation plots used in ground survey {source: contours and rivers digi
tized by M. Manh (CTNP) from series of Vietnamese 1:25000 topographic maps, unknown pub
lisher; plot sites digitized by author, from GPS readings taken at each site.)

Within each plot various measurements were made. Firstly, each tree was measured for diameter 

at breast height (DBH) using a standard DBH measuring tape. This was done at a height of 

1.3m and all trees or plants with a DBH of less than 8cm were discounted in accordance with 

common practice (Chhetri and Fowler 1996, Fang and Bailey 1998). Note that by doing this a 

significant portion of the understorey was left unrecorded. Crown diameter was also measured 

(with a standard 30m measuring tape): in three directions equally spaced at 120° with individual 

trees represented by an average of the three measurements. Tree height and canopy height were 

recorded as shown in Figure 3.6. A clinometer was used to obtain the angle 6 and a measuring tape 

used for defining distance d. The height to eye-level, h, of the measuring person was also recorded 

and used to derive estimates of tree (and canopy) height, as shown in Figure 3.6.

Tree
Height

Ctviopy
Height

TreeHeight =  h
tan

CanopyHeight = h +
tan (9,

Figure 3.6: Measuring tree and canopy height, with use of a clinometer.

In addition to these structural measurements the x and y co-ordinates of each tree measured within 

the plot was also recorded, using the north-west comer of the plot as the origin (0,0). This was to
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ascertain the spatial distribution of trees within a plot and some examples can be seen in Chapter 

5 (Figure 5.31).

3.3.2 Map Data

Mapping activities of a topographic nature in particular, have been prolific in the area around 

Cat Tien National Park. They began with British attempts at reconnaissance mapping of the area 

during the mid-1940s. A limited set of aerial photography dating from this time can be obtained 

through the Joint Air Reconnaissance Intelligence Centre (JARIC) in Cambridgeshire although it 

is not known whether resulting maps were made, or are available.

The French carried out further reconnaissance mapping surveys during the 1950s. The resulting 

aerial photography is available through the Photothèque Nationale in Paris. These aerial photos 

have been widely used in the production of topographic maps (Vilbonnet, J. pers. comm.), in

cluding a series of 1:100000 ‘INDOCHINE’ topographic maps of which Sheet No. 212 (West): 

Indo-China 8 was used for visual interpretation in this study.

The Vietnamese have also carried out a number of aerial surveys used to produce topographic 

maps. Fourteen sheets from a series of 1:10000 topographic maps printed in Vietnam in 1993 by 

To'ng Cue Dia Ch'inh, Ho Chi Minh City, form the basis of the analysis carried out in Section 

4.2.1 below in building a Digital Elevation Model (DEM) for the field site. A separate series of 

Vietnamese 1:25000 topographic maps of unknown publisher were also used for visual assessment.

The Park also has in its keeping a limited number of self-produced maps, including the political 

boundaries map shown in Figure 3.1 as well as a number of thematic maps of the area. Among 

these there is a coarse soil map (Figure 3.3 and a vegetation species map of Nam Cat Tien and Tay 

Cat Tien based on a floristic ground survey carried out in 2000 (Khanh, pers. comm., 2001).

3.3.3 Aerial Photographs

Aerial photography constitutes the principal set of data pertaining to the field site in Cat Tien and 

comprises a series of panchromatic aerial photographs taken during the 1960s. Subsections of 

these data were used to develop, test and refine the scene modelling technique described in later 

chapters and a larger set of these air-photos was then used for applying the method.

The use of historical aerial photography in examining vegetation dynamics and for studies re

garding land cover change and forest composition is widely recognised as a valuable source of 

information (Tiwari and Singh 1984, lida and Nakashizuka 1995, Turner et al. 1996, Miller et al. 

2000, Okuda et al. 2003). With the advent of satellite sensors though, there has been an increas

ing shift of focus within regional-scale studies towards satellite imagery that not only provides a
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broader spatial and spectral extent of data, but is also available in digital format. However, there 

are still occasions when aerial photography holds an advantage over space-borne imagery: it tends 

to have a high (often sub-meter) spatial resolution, particularly relevant to species identification 

and forest inventorying. Research focussed on long-term temporal effects of land cover change of

ten involves timescales that pre-date the arrival of satellite data. In these cases historical air-photos 

may constitute the only source of remotely sensed data available.

Such is the case for Cat Tien National Park. As described in Section 1.4.1, the Park has undergone 

significant changes in vegetation cover since the 1960s if not earlier. The lack of ground data or 

any other vegetation composition studies at that time means that the only option for studying land 

cover change is through remotely sensed data. Although the time in question pre-dates commercial 

satellite systems such as Landsat, the sensitive positioning of the Park has historically made it 

an area of intense military interest; both to the Americans (for military observation of ‘enemy’ 

movements) as well as the French before them (for mapping and reconnaissance purposes). This 

means that there exists a large database (albeit difficult to obtain) of aerial photographs over the 

area dating from 1953 (French) to 1972 (American), most of which have now been declassified.

Most of the coverage for the area surrounding the Bau Sau Wetland comes from the American 

photograph collection, from 1965 and 1966 (i.e. acquired two to three years before the major 

damage from defoliation missions). It is this limited set of photographs that form the focus of the 

work that follows as well as the pre-processing steps described in Chapter 4 below.

The data constitutes high spatial resolution panchromatic aerial photography with stereoscopic 

coverage; that is, a significant overlap (approx. 60%) between adjacent photographs along any 

given flight line (see Figure 4.4) as well as more limited sidelap (approx. 25%) between adjacent 

flightlines. Most of the photographs come from a private collection^ and although the acquisition 

date in each case is known, they all lack further acquisition details and calibration certificates. 

Camera and film properties are unknown, although in some cases an approximate scale is given 

and varies from 1:10000 to 12:25000. Table 3.1 gives the acquisition details for each flightline in 

as much as they are known.

The photographs were obtained as hard copies and scanned into digital format using an Epson 

GT-120000 scanner at a resolution of 600dpi, which translated into an individual pixel size of 

approximately l.Om^. The same scanner and resolution were used for all the photographs to help 

standardise brightness and contrast variables and minimise the differences across images that might 

make texture comparisons across different locations or dates difficult. Figure 3.7 shows an example 

extract from one of the aerial photographs taken over Bau Sau in 1965.

^Collection belonging to Professor Matthew Meselson, Department of Molecular and Cellular Biology, Harvard 
University, 7 Divinity Avenue, Cambridge, MA 02138 USA

®At an estimated hardcopy resolution of 12:25000 scanned at 600dpi, 1 pixel represents 3.472ft i.e. 1.058m.
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Flight Line Acquisition Date Approx. Scale No. Frames
INDOCHINE 1953 - 44

M (HC)108 25 Feb 1958 1:42,000 3

USN3801* 20 Nov 1965 12:25,000 10
USN3689 25 Nov 1965 12:25,000 5

USN3810* 30 Nov 1965 12:25,000 17
USN3811 30 Nov 1965 12:25,000 8
USN3825 1 Dec 1965 12:25,000 19

USN3867* 26 Dec 1965 12:25,000 8
USN3942 27 Jan 1966 12:25,000 4

BW 12RUN4 5 Oct 1972 1:10,000 25
BW 17RUN4 7 Oct 1972 1:10,000 14

NA2817 7 Nov 1972 - 5
* covers Bau Sau

Table 3.1: Acquisition and scale details for the aerial photograph dataset over Cat Tien National 
Park

Figure 3.7: Extract from an aerial photograph in flightline U SN3867 (frame 3), over Nam Cat 
Tien, dated 26 D ecem ber 1965. Noticeable features include the Bau Sau wetlands, Tiger Hill and 
the hilly terrain to the west.
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98

The air-photos described above form the principal dataset for this study. It is therefore worth 

offering a brief consideration of some of the issues arising from common distortions that are often 

present in aerial photography and which may be both radiometric and geometric in their nature.

Film response to brightness Brightness values in an aerial photograph rarely represent a true 

measure of reflectance in the scene. One reason for this is that film does not respond to increas

ing light intensity proportionally. Rather its response is non-linear, although the precise amount 

and type of distortion is dependent upon the film type and processing used. A film’s response to 

light can be graphically represented using a ‘characteristic curve’, which plots density of points of 

known exposure against logarithmic exposure (WWW 2003a). An example of a typical character

istic curve is presented in Figure 3.8 and as can be seen it is clearly non-linear.

In Exposure --------------------------------------- ►

Figure 3.8: Typical characteristic curve for black and white negative film

Characteristic curves vary across different film types and are affected by handling, storage and pro

cessing conditions (Lillesand and Kiefer 1994). They, along with film and processing properties, 

are essential for full correction of photometric distortions present in the data.

Atmospheric effects Other radiometric effects may also be introduced by the atmosphere, for 

example from haze or clouds. These were not accounted or corrected for in this dataset for a 

number of reasons. Firstly, there is a the lack of data with which to apply a suitable algorithm 

for atmospheric correction. These generally require measurements of a number of atmospheric 

properties, which in this case were not available for the time of acquisition. However, due to the 

relatively low flying height of the aircraft (approx. 12,000  ft), it was thought that the atmospheric 

effects would be fairly uniform across individual photographs and given the small time frame 

between successive photos, would remain so for the length of time required to image the area 

immediately surrounding Bau Sau (4-5 photos coverage).
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Furthermore, the purpose of atmospheric correction is generally to enable the conversion between 

the radiance recorded at the sensor and the reflectance on the ground. As shall be seen in later 

chapters, the ‘true’ reflectance data are not needed for the forest parameter extraction method 

developed here. Rather, the method relies on textural information and the contrast between various 

objects in the scene (principally tree crown and ground), which do not rely on brightness values 

corresponding to real reflectance data. Note that this assumes there is no significant difference 

between the separability of two pixels given their radiance values compared to their reflectances.

Exposure fall-off As well as the radiometric effects described above, aerial photography is of

ten subject to a number of distortions due to the geometry of the camera, viewing and illumination 

conditions and the ground below. Exposure fall-off is the name given to the most significant geo

metric effect attributed to the camera. It refers to a variation in exposure in the focal plane related 

to point distance away from the image centre where, for a ground scene of uniform reflectance, 

it is maximized at the centre of the film and decreases radially with distance away (Lillesand and 

Kiefer 1994). Exposure fall-off is minimized through the use of anti-vignetting filters although 

there is no record of whether these were used in the acquisition of these air-photos and indeed, 

some of the data show some signs of exposure fall-off. The significant forwardlap and sidelap 

between the flightlines however, allows the edges of the photographs where this effect may be 

greatest to be excluded from processing whilst still allowing for full coverage of the site.

Viewing and Illumination Geometry In the case of vertical aerial photography^, the view

ing platform can be considered stationary at the time of exposure. However, the camera axis is 

inevitably not exactly vertical due to the angular altitude of the aircraft, which is subject to un

avoidable tilts and angular rotations that cause slight inclinations in the camera optical axis. These 

can be described as the effects of roll, pitch and yaw and their impact on the shape of the ground 

represented in the image can be seen in Figure 3.9.

(a) Roll (b) Pitch (c) Yaw

Figure 3.9: Effects of roll, pitch and yaw on the shape of the ground represented in the image

’Photographs with the principal axis directed as vertically as possible above the ground
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Tilt effects are generally small, o f the order o f 1° to 3° (Lillesand and K iefer 1994), and can be 

corrected for with a set of ground control points (GCPs^) to define a suitable transformation.

Illumination conditions (solar zenith and azimuth angles) will also affect the image, although not 

so much in the way of geometric distortions. Rather, they will determ ine shadowing effects, which 

in turn define the tone and texture of a panchromatic image. Em pirical coirections of this ‘differen

tial shading’ in aerial photography have been successfully applied (Holopainen and Wang 1998), 

although they are dependent upon detailed sun positioning information.

Relief displacement Possibly the most significant geom etric distortion, especially in large-scale 

aerial photography over areas of elevated terrain, is attributable to relief on the ground. The major 

effect of relief is to cause the scale to vary across an image so that images are displaced radially 

from nadir (n) to a position a away from the position at which they should appear if there was no 

relief (a*). This effect is shown in Figure 3.10.

Figure 3.10: R elief displacem ent o f point a* to point a

The m agnitude of this displacem ent is proportional to the height o f the imaged object h and indi

rectly proportional to the flying altitude H. Correction of relief displacem ent has become standard 

procedure in the fields of photogrammetry and remote sensing for the production of orthophotos^ 

(Novak 1992). It relies on either the use of a three dim ensional model o f the geometry of two 

stereoscopic images, or the availability of a DEM  to com pute and correct the effect o f relief at 

every point.

A secondary effect of relief is the generation of topographic shadowing within a scene, which is 

dependent on the viewing and illumination geometry at acquisition. This may have significant

*These are points in an image that have known geographical co-ordinates either on the ground, or in a geocoded 
image of the same area.

^An orthophoto is the name given to an image that has been corrected for the effect of relief.
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effects on the textural information content of an image, upon which spatial analyses are based. 

An examination of the effects of topographic shading on the air-photo data used in this study is 

presented in Chapter 5 where an initial geostatistical exploration of the data is undertaken.

Each of the effects described above will contribute to distortions present in the aerial photographs 

and must, where possible, be considered and corrected for. Techniques for doing so are discussed 

in more detail in the following chapter. Firstly however, there follows a description of the other 

datasets used in the study.

3.3.4 Other Data Over Cat Tien

The air-photos were provided with the aim of identifying spatial variations in forest structure. The 

existence of these variations may be confirmed using vegetation maps provided by the Park, where 

the area may be clearly seen to be composed of multiple ‘categories’ of forest. These in turn may be 

associated with variations in forest structure as described in Section 3.2.5. It is acknowledged that 

changes in dominant vegetation habitats between the time of air-photo acquisition and vegetation 

map composition may mean that the pattern of spatial variations is more subtle in the former, if 

present at all.

As identified in Chapter 1, the original aim of this study was to examine both the temporal and 

spatial changes in forest structure and this highly influenced the choice of Cat Tien as the primary 

field site. Temporal changes in vegetation structure though, may not be detected with the use of 

the air-photos alone. They require the availability of a series of multi-date data. Such data would 

ideally comprise recent imagery of a similar resolution, preferably comparable air-photos dated 

post 1975 or recent high-resolution satellite data. Issues regarding political sensitivity made the 

former unattainable within the scope of this study. It was hoped that the latter would be provided 

by the recent Compact High Resolution Imaging Spectrometer (CHRIS) instrument given that 

Cat Tien was named as a reserve site for data acquisition. Unfortunately, the first CHRIS image 

centered over Cat Tien was not acquired until 5* April 2003; too late for consideration within the 

scope of this study (albeit promising for any further investigations). The CHRIS sensor provides 

multi-angular data in 18 wavebands at a spatial resolution of 18m (Barnsley et al. 2000). A 

comparable dataset was therefore sought and although none could be procured over Cat Tien itself, 

an analogous set of data was provided through imagery acquired by the AirMISR instrument over 

Mongu, Zambia. Details of this dataset are given below.

The AirMISR data provided a means of testing the applicability of the method developed for 

forest parameter mapping to multiple environmental and acquisitional conditions. In addition, 

data acquired at a medium resolution over Thetford Forest (UK) were used to further explore the 

potential of multiple applications of the method. This included a hyperspectral HyMap scene and a
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multi-frequency multi-polarisation E-SAR scene. Both of these were delivered both geometrically 

and radiometrically corrected. Their use was limited to a feasibility study only and as such, a fuller 

description of the data is not given here but is provided as part of the study found in Chapter 7 

(Section 7.9).

3.3.5 AirM ISR

The AirMISR data was chosen to be used in an experiment designed to test the applicability of 

the method developed in Chapters 5 and 6  to data of a lower spatial resolution than that provided 

by the air-photos described above. Motives for the particular choice of this dataset were manifold. 

Beyond the comparability between AirMISR data and CHRIS data as described above, a number 

of reasons associated with the use of the Mongu field site in Zambia further contributed to selection 

of the AirMISR dataset.

Firstly, a number of collègues were already working on data over Mongu. This enabled the pro

curement of pre-processed image data as well as the results of a limited ground survey, needed 

for parameterising scene models of the area. Secondly, Mongu forms one of the NASA Earth 

Observing System (EOS) Land Validation Core Siteŝ ® and as such, any work done on parameter 

extraction from remotely sensed data is likely to be of wider interest.

Furthermore, it was thought that the multi-spectral and multi-angular nature of the data would 

also allow for investigation into the stability of the method across variations in vegetation habitats 

as well as a look into whether an increased spectral and angular resolution compensates for a 

decreased resolution when applying the scene modelling technique developed in later chapters. 

Before outlining this dataset in detail it is relevant to provide a brief description of the field site 

itself.

Mongu

The Mongu field site is located on a plateau above the Eastern bank of the Zambezi River about 

20km south of the town of Mongu, on the edge of the Kataba Forest Reserve (Figure 3.11).

Mongu lies within a monsoonal tropical climatic zone similar to Cat Tien National Park with 

seasonality defined by the wet (November - February) and dry (March - October) cycles, rather 

than by temperature (Roberts 2003). Topography in the surrounding area falls into one of two 

categories: the lowlands of the Zambezi floodplain and the uplands of the plateau. In both cases 

the land is generally fiat with a few scattered gentle hills and low gradients. Dominant soils of

'°These are sites used for validating operational products from the EOS Terra satellite with in situ ground data. N.B. 
Mongu also forms part of the SAFARI 2000 campaign, the International Geosphere-Biosphere Progranune (IGBP) and 
the AErosol RObotic NETwork (AERONET).
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Figure 3.11: Location of Mongu field site (15°15'00"S 23°10'01"E)

the region are sandy and excessively well-drained. Of particular relevance with respect to the 

soils is the fact that they appear brighter than the vegetation in AirMISR imagery acquired for the 

area (Figure 3.12). In imagery over Cat Tien soils appear darker. Vegetation at Mongu is very 

different to that in Cat Tien. Its growth is driven by the seasonality of the wet and dry cycles 

and the annual growing season lasts only 126 days. The predominant vegetation inside the Kataba 

reserve is Kalahari woodland (Privette et al 2001) and outside it is semi-arid shrub. The woodland 

canopy typically consists of two storeys; an upper level of broad-leafed miombo related species 

at 16-18m height, a sparse lower understory of shrubs and a ground cover of bare sand, moss 

and various species of grass (Roberts, pers.comm.). It was hoped that variations both within and 

beyond the reserve would be large enough to be differentiated by the inversion method, although 

it is recognised that this is somewhat reliant on the resolution and characteristics of the AirMISR 

data itself.

AirMISR is an airborne sensor designed to simulate data from the Multiangle Imaging SpectroRa- 

diometer (MISR). It was developed in order to assist in both the validation and calibration of the 

MISR instrument. The particular set of images used here were acquired on &h September, 2000 

and come from a wider dataset forming part of the SAFARI project (Conel 2001).

The instrument itself constitutes a pushbroom scanner that uses a single pivoting camera to acquire 

data at nine different imaging angles; these being nadir (0.0°) as well as at ±26.1°, ±45.6°, ±60.0° 

and ±70.5° relative to the local vertical (Diner et ai 1998a). It generally flies on board the ER-2 

aircraft (owned by NASA) at a nominal altitude of 65,000ft (20km) and has a fixed focal length 

of 58.8mm, meaning that the images and pixel sizes vary as a function of view angle (see Section 

7.5.1). The instantaneous footprint varies from 7m across-track by 6m along track at nadir to 21m
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by 55m at the most oblique angle. Swath width is governed by the IFOV and varies from 11km at 

nadir to 32km at the most oblique angle. In terms of spectral response, the AirMISR instrument 

simulates MISR and collects data at the following four wavebands throughout the visible and 

near-infrared: 425 - 467nm; 544 - 573nm; 661 - 683nm; 846 - 886nm (Diner et al 1998a).

Figure 3.12 shows a nadir false colour composite (near-infrared, red, green) of the AirMISR data 

collected over Mongu. The location of the Kataba forest reserve within the image is also identified.

Figure 3.12: A nadir false colour composite of the AirMISR data over Mongu, using the near- 
infrared, red and green wavebands.

3.3.6 IKONOS

In addition to the AirMISR data used in Chapter 7, a higher resolution IKONOS scene was used 

to aid visual interpretation of results. The IKONOS scene comes from data associated with the 

SAFARI 2(KX) Project and was originally obtained to complement the AirMISR data and validate 

results.

IKONOS is a non-military, very high resolution satellite sensor launched in September 1999. It has 

both in-track and cross-track pointing capabilities and serves to provide commercial and research 

communities with global data at high spatial resolutions. The instrument collects data in four
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Bandwidth (nm) Spatial Resolution* (m)
450 - 520 4
520 - 600 4
630 - 690 4
760 - 900 4
450 - 900 1

* Nominal at < 26° ofF-nadir 

Table 3.2: Spatial and spectral characteristics of the IKONOS instrument

spectral wavebands similar to those collected by AirMISR as well as in a panchromatic waveband 

that primarily serves to provide a higher spatial resolution. Pixel sizes are Im^ in the panchromatic 

band and 4m^ in the others (see Table 3.2). The nominal swath width is 11km at nadir.

The scene over Mongu used herein was acquired on the 10^ April 2000, within six months of 

AirMISR data acquisition. Note that the data was delivered orthorectified with preliminary radio- 

metric correction. Further radiometric pre-processing was deemed unnecessary, given that usage 

of the data was not required for accurate reflectance retrieval (it was primarily used as a visual 

aid to interpretation with some initial exploration of image histograms that did not require full 

atmospheric correction for successful implementation).

Remotely sensed data as a whole though generally does require pre-processing. This is performed 

in order to prepare the data for use and comprises a number of variable steps depending on what it 

is later intended for. A description of the techniques used for the various data used herein follows.

3.4 Correction of the AirMISR Data

Pre-processing of the AirMISR data was not performed by the author. As such, only a very short 

summary of the procedures carried out are provided here and readers are referred to Roberts (2003) 

for full details. The raw data comprised a ‘Level I Georectified Radiance Product’ (GRP). This 

contains data that has been calibrated to correct for radiometric inconsistencies such as varying 

spectral sensitivity among detector elements. It has also been subjected to a process of inner 

orientation to account for the changing pixel dimensions associated with multi-angular acquisition 

(see Section 7.5.1). This essentially comprised a resampling of the data to a uniform pixel size 

(27.5m^), co-registration, mapping to a standard map projection system (UTM) and correction for 

topographic effects (Roberts 2003).

Further radiometric correction was achieved using a well-established atmospheric radiative trans

fer code 6 S (Vermote et al. 1997) combined with ground based sun photometer data provided 

by AERONET (Roberts 2003). This provided atmospherically corrected reflectance values (vs. 

radiance values) for each pixel in the four spectral bands.
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Figure 3.13 shows an RGB false colour composite using tlie atmospherically and geometrically 

corrected AirMISR data over Mongu for a nadir viewing angle. The data clearly suffers from vis

ible distortions (particularly in the blue band) despite the correction employed. These distortions 

are even more severe for oblique angles and in the case of the blue band eliminate the recogni

tion of any ground features at all. This implies that radiometric correction has been unsuccessful. 

From the significant vertical streaking effect present in Figure 3.13 it would seem that the prob

lems originate in sensor calibration, rather than in atmospheric correction. However, the latter did 

not perform very well either due to hazy conditions during image acquisition, which could not be 

accurately accounted for in the atmospheric correction algorithm (Roberts 2003).

(a) RGB composite

(b) Blue band at nadir (c) Blue band at 70.5°

Figure 3.13; Atmospherically and geometrically corrected AirMISR data over Mongu
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3.5 Summary

This chapter has provided a detailed description of the principal field site, Cat Tien National Park 

(southern Vietnam). It has attempted to characterise the environment in which the field site is 

placed and includes a consideration of the Park’s climate, topography, soils, hydrology and various 

vegetation habitats. The latter is of particular relevance given that this study endevours to provide 

a method of extracting forest structural parameters from remote sensing data.

An account of the different datasets used in this study has also been given. These principally 

comprise a set of declassified military air-photos over Cat Tien and a set of multi-spectral, multi- 

angular AirMISR images of medium spatial resolution with corresponding high-resolution IKONOS 

imagery over a secondary field site (Mongu, Zambia). Problems with the use of such data, in par

ticular the aerial photographs, have been identified and discussed. These include distortions due to 

film response to brightness, exposure fall-off, atmospheric effects, relief displacement and effects 

resulting from the viewing and illumination geometry of the sensor. Problems identified with the 

use of other data included in this study are discussed at further length in the chapters that follow.

The pre-processing of some of these data has begun to be discussed. In the case of the AirMISR 

imagery, the data was delivered pre-processed. For these data then only a brief outline of the pre

processing applied to the images has been given. Problems with the pre-processing of AirMISR 

data have been identified.

The air-photos were not delivered pre-processed and preliminary analysis suggest the presence of a 

problem to the normal means of rectification (due to a lack of flight and camera details). Therefore 

a new method of geo-rectification has been developed, based on an application of a stereomatching 

algorithm to the problem. This forms the focus of the following chapter.
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The preceding chapter has described the air-photos that formed the principal dataset for this study. 

This chapter examines the methods used for correcting geometric distortions in these data.

4.1 Radiometric Correction of the Photographic Dataset

There was no radiometric correction applied to the photographic dataset for this study (the only 

change to brightness values in the image was incurred by the detrending process described be

low in Section 5.3). This was principally due to the significant lack of information with which 

to perform radiometric correction. None of the air-photos were supplied with camera calibration 

certificates. The type of film used was unknown, as were camera properties and processing meth

ods. It was thought that the effects induced by film response and illumination geometry would be 

homogeneous across a given flightline and could therefore be ignored.

4.2 Geometric Correction of the Photographic Dataset

For any extracted information regarding vegetation characteristics to be of subsequent use in mod

elling studies or environmental management, the aerial photographs must be co-registered (fit into 

the same co-ordinate system) and rooted in space, i.e. geometrically corrected. Such rectification 

of aerial photographs has become standard procedure in the fields of photogrammetry and remote 

sensing, both manually and automatically (Novak 1992, Dowman 1998). Co-registration relies on 

the presence of stereoscopic coverage (overlap). Exterior orientation though, requires flight details 

(aircraft height, geographical location, orientation) together with a set of suitable ground control 

points (GCPs) that can be identified in the image and which have known geographical locations 

on the ground.

The photographic dataset over Cat Tien presented a problem to the traditional method of rectifica

tion in a number of ways. Co-registration was fairly simple, given that the photographs were taken 

along a continuous flightline with considerable overlap between successive images, although there 

was no common point of reference for all images. Co-registration was therefore done chronologi

cally along a flightline, thus leading to a compounding of errors with each step along the flightline.

Exterior orientation however, was less feasible. The lack of flight details meant that image scale 

and resolution were unknown (although these could be approximated) and the photographs ‘ ge

ographic location was imprecise. The use of GCPs to correct the imagery was also hindered by 

the nature of the land cover itself. The site on the ground comprises a mixture of rainforest and 

wetland with little, if any man-made fixed features. This made GCPs very difficult to identify loca- 

tionally or to accurately place in the context of a drawn map. The only thing that could serve as a
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visual aid to ‘find’ them, were large extensive natural features, such as the major river courses and 

distinctive local topography, which tended to be marked on corresponding maps. However, these 

could not be used for more accurate rectification, principally because of the large discrepancy in 

the dates between map production (1993) and aerial flight overpass (1965). During this time, nat

ural features may very easily have undergone significant changes, especially given the context of 

the American-Vietnam war, which played an influential role in and around the field site (Manh, 

2 00 0  pers. comm.).

Given the difficulties outlined above, an alternative solution to the exterior orientation problem 

must be found. One such solution is proposed below and is derived from the stereoscopic nature 

of the photographs. The idea was taken from previous work done in photogrammetry (particularly 

close-range photogrammetry), which performs correction through mutual orientation of DEMs by 

matching surface shape (Karras and Petsa 1993). It was thought that the multi-look nature of the 

imagery could be exploited to create a disparity model, which should correspond to topographic 

features on the ground and which, in turn, could act as a pseudo-DEM, for matching to a real 

DEM of the same area. The processing involved followed a number of steps, each described in 

more detail below.

4.2.1 Building a Reference Digital Elevation Model

Building a DEM to act as a point of reference relied principally on traditional methods of digitizing 

points along contour lines on a map. The maps were taken from a series of geo-referenced 1:10000 

physical maps described above (Section 3.3.2). They were digitized using an Epson GT-120000 

scanner, at a resolution of 72dpi and geo-referenced with ERDAS©Imagine (v. 8.3) Geometric 

Correction Tool, as shown in Figure 4.1.

Individual points along all contour lines were manually digitized using Arc View GIS Software 

and their associated height stored (Figure 4.2). The contour interval for the majority of the maps 

was 10m, although in regions of relatively small topographic variations, intervening contours at 

5m and on one occasion, 2.5m were also digitized, as well as individual spot heights.

Once the contour lines for the entire region had been digitized, a surface was interpolated between 

them to derive a digital topographic dataset. The interpolation was carried out using a linear inverse 

distance weighted (IDW) method. This assumes that the height value at any unassigned location, 

z(%o), is a distance weighted average of all points falling within a neighbourhood or fixed radius 

window around it.

z(%o) = ^ 4 ;  • Z{Xi) ^ 4 ;  = 1 (4.1)
1= 1 i=  1
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Figure 4.1 : Geo-referencing of digitized maps over Bau Sau wetland and Tiger Hill, using selected 
GCPs
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Figure 4.2: Digitizing points along contour lines for Tiger Hill
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where n is the number of points being considered. The weights T/, are calculated so as to vary 

from a value of unity at the un assigned location in question, to a value approaching zero as the 

distance from xq increases (Eqn. 4.2); and are normalised so that their sum equals a value of one,

Ai = dj-P

;=i

(4.2)

where p is an arbitrary positive real number called the power parameter and di is the distance from 

the data point to the interpolation point. The ‘power parameter’ used in defining the weighting 

function, controls the significance of the surrounding points on the interpolated value, so that as 

p increases, the contribution towards z(wo) from more distant points decreases (Burrough and 

McDonnell 1998). For the interpolation herein, it was chosen to take the typical value of 2.

Interpolations were made from the irregular distribution of height values to a regular grid, which 

then served as a map of elevation. This resultant DEM was a smooth surface that had a resolution 

equivalent to the grid spacing used in interpolation; in this case 10m (0.000092 decimal degrees). 

It should be noted that it contains purely topographic information; river courses were not digitized, 

their breadth and length being simply assigned a value corresponding to the nearest contour line 

(or interpolated value). The resultant DEM can be seen in Figure 4.3.
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Figure 4,3: DEM over Bau Sau and surrounding area (Note: Produced in ArcView©by author, 
2001)

4.2.2 Building Disparity Models

There are two main groups of techniques used for extracting topographic information from image 

datasets. The first does not rely on having a stereo-pair of images. This group include clinometry, 

which uses shading and shadowing to determine the size and shape of objects and their corre

sponding elevations. A comprehensive review of studies using clinometry for elevation modelling
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is presented by (Toutin 2001) and will not be covered here. This group also encompasses the 

manual digitization of contour lines and their subsequent interpolation, which can be achieved as 

discussed above in Section 4,2.1 or through other methods such as contour dilation (Taud et ai 

1999).

The second group of techniques comprises those methods based around multiple imagery of a 

single area. The most commonly practiced form of these methods is given the name of stereoscopy 

or stereopsis (Dhond and Aggarwal 1989, Toutin 2000) and focuses on the use of a stereo-pair 

of optical images. These can be both aerial images (Franklin 1987) or multi-resolution satellite 

imagery. Examples from the latter include DEMs generated from stereo-pairs of AVNIR imagery 

(Hashimoto 2000), Landsat imagery (Toutin 2002), SPOT imagery (Kauffman and Haja 1988, 

Zomer et al. 2002) and various others. Stereo-pairs of radar images can also be employed; either 

in a similar manner, where the method is referred to as radargrammetry (Miyazaki et al. 1993, 

Toutin 2000, Perlant 2(X)1); or as the basis of radar interferometric techniques (van Zyl 2(X)1). In 

the present work, the dataset of interest comprised stereo-pairs of aerial photographs, such as is 

seen in Figure 4.4 and therefore only methods concerning optical imagery were of interest. As 

such, they form the focus of what follows below.

R jghtim »ge
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Figure 4.4: Example stereo-pair of aerial photographs, taken from a flightline in 1965, over Bau 
Sau Wetlands, in the central part of Nam Cat Tien^.

When considering stereoscopy, the retrieval of depth information from a scene essentially relies 

upon the presence of geometric differences in two or more images over a common area. The 

differences may be the results of binocular parallax, motion parallax, object motion or a combina

tion of these. In the case of the air-photos, the parallax is binocular and arises from the different
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imaging directions along the flight line. The appearance of these differences introduces the notion 

of disparity between the two images; important because it is through a measurement of this that 

a reconstruction of the three dimensional structure of the scene, given only the two dimensional 

projections, can be achieved.

Traditionally, disparities on stereo-pairs of aerial photography are measured manually to derive 

elevation information. There has however, over the last few decades, been an increasing demand 

for accurate, high-resolution and comprehensive digital topographic databases, for applications 

in areas such as automated cartography, aircraft navigation, robotics, industrial automation and 

stereomicroscopy (Gong and Yang 2002). This has been accompanied by a growing interest in 

producing elevation information from remotely sensed imagery (rather than using a base map), as 

it becomes more readily available in large, global datasets. Together, these have led to a number 

of methods for automating disparity measurement from digital data (Muller et al. 1988, Day and 

Muller 1989, Dowman 1998). One such technique has been used here and is described below.

4.2.3 Stereomatching

The measurement of disparities across multiple images of the same scene can be seen as a stereo 

correspondence problem (Barnard and Thompson 1980). The process of solving the correspon

dence problem is sometimes referred to as stereomatching. Essentially, stereomatching involves 

identifying features in a pair (or more) of images that correspond to the same physical object on the 

ground. It basically constitutes matching two representations of the same object. Then, if the ac

quisition details (such as the position of the centres of projection, effective focal length orientation 

of optical axis and sampling interval of each camera) are known, 3-dimensional positions can be 

retrieved through triangulation (Dhond and Aggarwal 1989). The lack of acquisition details here 

though, means that accurate retrieval of elevation information from them is impossible. However, 

if a disparity map could be created, the features within it should be related to topographic fea

tures, so the disparity map can be matched to a DEM regardless of the absolute values of retrieved 

disparities.

There are various methods of stereomatching, but all concern themselves with the solution of two 

problems. Firstly, a means of selecting initial points, known as seed points or matching primi

tives (Greenfeld 1991), must be established. Secondly, the basis upon which matches are deemed 

correct must be decided. It is the differences in tackling these problems that distinguishes the par

ticular method of stereomatching. Variations in identifying matching primitives has led to a broad 

categorisation of stereomatching techniques mio feature-based methods and area-based methods. 

The former is concerned with matching features that have been extracted from the image-pair, 

such as edges, line segments, curves or regions, whereas the latter centers on matching DN values
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of individual pixels themselves (or local windows of pixels). Although feature-based algorithms 

are typically faster due to a considerably less amount of data involved, area-based methods tend 

to produce results that are frequently more accurate (Toutin 2001). For this reason, an area-based 

sheet growing scheme has been chosen to perform the stereo-matching described below. This al

gorithm was developed at UCL by Otto and Chau (1989) and is a combination of an area-based 

algorithm, used for matching individual patches (Gruen and Baltsavias 1987) and a region-growing 

algorithm, used to spread beyond initial seed points. It has been successfully employed in DEM 

generation from SPOT data (Day and Muller 1989), as well as a variety of airborne scanner data 

(Allison and Muller 1992). It is currently maintained by Professor J-P. Muller, of the Geomatic 

Engineering Department at University College London.

Area-based stereomatching works by comparing the intensity similarity of neighbouring pixels 

within a very local domain, to decide if the centre pixels are a pair of corresponding points. This is 

usually performed by correlating the brightness patterns of small windows in each image. These 

windows constitute so-called ‘patches’ and are assumed to be coarsely matched, with distinctive 

image textures and similar radiometric properties. Objects within the windows are assumed to be 

portrayed in a similar geometric relation.

The algorithm developed by Otto and Chau (1989) starts with an approximate match between a 

point in the left image and a point in the right image (seed points) and then uses Gruen’s algorithm 

(Gruen and Baltsavias 1987) to produce a more accurate match, as well as to derive distortion 

parameters, which are then used to predict approximate matches for points in the neighbourhood 

of the first match. A description of the processing steps follows.

Firstly, a number of seed points were selected from both the left and right images, to provide centre 

points for approximate matches. This selection can be done in a number of ways. One option is 

to do it automatically, using an interest operator as done by Tang et al (2002). There are sev

eral operators available to choose from, including edge detectors (Canny 1986), comer detectors 

(Fdrstner 1986) or a combination of both (Harris and Stephens 1988). Selection of the seed points 

essentially determines the performance of the stereomatching, because the correlation algorithm 

can accurately match points only if it is given good approximations to start with, i.e. accurate to 

about 1-2 pixels (Otto and Chau 1989). Given the high resolution of the aerial photographs and the 

high level of texture present, using an interest operator (in this case Forstners operator) produced 

a large number of spurious points that did not correspond in both images. Therefore, although an 

automated procedure is faster, the seed points for this study were chosen manually. The number of 

seed points identified for each stereo-pair varied, although in each case, pixels were selected so as 

to provide a starting point in each isolated region of the image and thus provide complete coverage 

(see Figure 4.5).
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Figure 4.5: Manually identified seed points across a stereo-pair of aerial photographs over Bau 
Sau Wetlands

Once the seed points had been selected and an approximate match established, Gruen"s adap

tive least-square correlation (ALSC) algorithm is used to refine the matches and make them more 

accurate. This is a non-epipolar method that assumes the surface to be continuous and approxi

mately planar within any given patch. The algorithm is essentially a minimization of the sum of 

the square differences between two image patches and consists of two parts: grey-level matching 

and geometric constraining (Gruen and Baltsavias 1987). The former builds a set of linearised 

matching observation equations which include equations relating to the grey levels of the patching 

themselves, as well as equations for ‘shaping’ parameters. Essentially, the left image patch is con

sidered to be a function of all the grey levels in the image patch and its centre co-ordinates and the 

corresponding point in the right image is therefore also taken to be a function of all the grey levels 

in the right patch and its centre co-ordinates; although these will be subject to a radiometric gain 

and shift, as well as various scaling and sheering distortions, which make up the shaping parame

ters. The geometric constraining involves building a set of linearised equations which allow for an 

additive distortion to the grey levels.

Finding a best fit between two image patches is a multiparameter optimization problem that was 

iteratively solved by making initial guesses at the parameters (through the seed points) and then 

finding the least squares solution to a set of constrained linear equations. The process was repeated 

until the change in parameters fell below a pre defined threshold. A maximum number of iterations 

was also specified to act as an additional constraint.

The algorithm has the added benefit of allowing for variable patch sizes. The choice of an appro
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priate patch size depends on the local amount of variation in texture and disparity. It has to be large 

enough to include sufficient variation in grey level intensity so as to produce reliable matches, but 

small enough to avoid disparity variation within a single window. If the patch size is too small, 

results will be very noisy, with poor disparity estimates. Equally, if the patch size is too big, there 

will be different projective distortions in the left and right patches and results will be blurry. It 

has been suggested that an adaptive patch size could provide a more stable and accurate solution 

(Kanade and Okutomi 1991). This involves changing the window size and shape for each indi

vidual patch, depending on the local variation of intensity and the current depth estimate. For this 

study, two fixed patch diameters (of 7 and 14 pixels across) were used in a test area, as well as a 

variable patch size (where patches were allowed to vary between a 7 and 20 pixel diameter). It 

was found that the fixed patch size of 14 pixels produced better coverage more consistently and as 

such, only the results for this patch size are presented below.

As previously stated, Gruen’s algorithm was used in the stereomatching for matching individual 

patches; but it was Otto & Chau’s (1989) region growing algorithm that allowed the stereomatcher 

to grow out of the initial seed points towards surrounding areas of the image, until complete cov

erage was attained. It works by using the refined match produced by Gruen’s algorithm for the 

initial point, along with the associated distortion parameters, to predict approximate matches for 

the points in the neighbourhood of the first match; which is then refined using Gruen’s algorithm 

and so on. For the region growing to work, the initial seed points should be accurate to within 

only a few pixels and there should be at least one seed point present in each isolated region of the 

image, so that there is no good path from other well-textured areas for the algorithm to follow.

There are a number of issues regarding the matching of real images that should be taken into 

account and, where appropriate, resolved. These include radiometric, geometric and textural prob

lems. The former two have been discussed in earlier sections of the preceding Chapter. The latter 

are numerous and are of particular significance to aerial photographs (as these are often panchro

matic and thus reliant on texture as a discriminating variable). They occur in areas covered by 

featureless surfaces, such as bodies of water, ice sheets, sand or roads, which are very difficult 

to match as they lack texture for the stereomatcher to ‘grab on to’ (Otto and Chau 1989). Any 

individual patch within such an area will not contain enough variation in individual grey levels to 

be able to identify the corresponding right match. Similarly, repetitive textures, hanging surfaces 

and ambiguous levels (such as the difference between tree tops and the ground) also inhibit the 

stereomatchers performance (Greenfeld 1991).

Another problem is the fact that the method is a local one, with matching based on local informa

tion only and as such, is liable to be sensitive to noise. And finally, in cases where there is not 

complete stereo-coverage provided of an area, there will obviously be some parts of the ground 

that can only be seen in one image, hence disparity information for that area is unattainable.
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The algorithm employed here includes a number of constraints applied during the stereomatching 

that essentially act as ‘blunder’ detectors. These are summarized and discussed in Otto and Chau 

(1989) and help to detect ‘bad matches’ at early stages of processing. They include thresholding 

the eigenvalue of the covariance matrix, a limit on the number of iterations used in convergence 

and a global y disparity constraint.

The coded algorithm outputs information on patch geometry, line and sample disparities and a 

number of other quality information. Figure 4.6 shows line disparities as calculated by the stereo

matching algorithm for the stereo-pair depicted in Figure 4.4.

lA û t  dt Span ties 
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Figure 4.6: Line disparities as calculated using Otto & Chau’s (1989) stereomatching algorithm 
across a stereo-pair of aerial photographs over Bau Sau Wetlands"^

As can be seen by Figure 4.6, the stereomatching algorithm produced complete coverage over the 

overlapping area for this pair of photographs. It can also be seen that in general, the disparities 

calculated appear to be closely related to topographic features on the ground. The small area of 

large disparities at the centre of the images, corresponds to the location of Tiger Hill, the most 

prominent topographic feature of the scene. From a preliminary visual assessment of this result, 

it would seem that the stereomatcher has performed exceptionally well in highlighting disparities 

correlated to underlying topography. There is one notable exception; in the lower right comer of 

the image, where a small cluster of exceptionally high and low values can be found. This occurs 

where the matching algorithm fails to converge and corresponding points cannot be established. 

If, as in this case, it has happened because the point is located right at the edge of the image, it 

is of no real consequence. A lack of convergence is more problematic if it occurs throughout the 

image centre because there is not enough texture to differentiate individual patches.
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Image Resolution

In carrying out the stereomatching on the aerial photography over Cat Tien National Park, an 

important issue that had to be addressed was one of image resolution. At full resolution, a single 

tree in the image can easily extend across twenty contiguous pixels or more. This means that the 

variations in grey levels or intensity, within the trees themselves become significant, especially if 

the patch size is only 14 pixels wide. Given such a case, the stereomatching algorithm would have 

to work on disparities within individual trees. There is a danger therefore, that results may reflect 

tree topology rather than the general patterns of relief, for matching against the reference DEM.

It also increases the problems associated with discontinuous surfaces and ambiguous levels in the 

data (tree tops versus ground surface), which makes it harder for the stereomatcher to produce an 

accurate result. On the other hand, if the data spatial resolution is overly degraded, then disparities 

relating to more subtle topographic features are lost so that only the largest hills or mountains are 

picked up. This becomes a problem with regard to to Nam Cat Tien, because small hillocks form 

an integral part of the landscape and outside the immediate vicinity of Tiger Hill (especially to the 

East), local topographic variations occur on small scales. In preliminary experiments to this work, 

four different resolutions were tested for results; full resolution photographs and data degraded by 

a factor of three, six and ten. The data that provided the most consistently good results was that 

degraded by a factor of three. This was therefore the image resolution used for the full processing.

4.2.4 Disparity Measurement

The stereomatching algorithm provides information on the % and y co-ordinates for the centres of 

each successful match in the left and right images. These can be used to calculate line and sample 

disparities (di,ds), which in turn can provide a measure of total disparity, d^ (Eqn. 4.3).

dz = ^/dl + ds (4.3)

where di and ds are line and sample disparity (di = yr -  yi) and and yi are right and left y 

co-ordinates for the centre point of a successful match. These total disparity values can be plotted 

on a grid, constituting a discontinuous disparity map, discretely populated with values. In order 

to create a smooth and continuous surface for comparison to the DEM, the grid points must be 

interpolated.

Gridpoint Interpolation

Interpolation is the name given to the procedure of predicting the value of attributes at unsampled 

sites given a set of sparse measurements made at point locations within the same area or region. In
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this case, a geostatistical method for interpolation known as kriging, was used. This assumes that 

can be treated as a regionalised variable: that is, one that displays spatial dependence. Kriging 

constitutes essentially the same idea as any weighted interpolation scheme except that the weights 

in kriging are based on a model variogram, rather than on an arbitrary function of distance. The 

basic kriging equation, can be thought to be the same as that used for IDW interpolation (Eqn 4.1). 

When determining the optimal weights for use in this Equation, a number of steps are followed.

Firstly, the x,y,dz information obtained above was used to calculate an experimental semivariogram 

for the disparity map, i.e. a plot of semivariance, y, against lag distance h, where semivariance 

was calculated as shown in Eqn. 2.12. The experimental variogram was then numerically inverted 

against a spherical variogram model^, using Powell’s numerical direction set method in multi

dimensions to minimise the error function (as described in Press et al. (1994)). The optimal 

weights were then chosen based on a minimized estimation of variance, cr|, (Eqn. 4.4), through the 

solution to a set of simultaneous equations using retrieved values of semivariance and a Lagrange 

multiplier:

n

xo) -k n  (4.4)
i=\

where y(x/, xq) is the modelled semivariance between sampling point x, and unsampled location 

xo and // is a Lagrange multiplier.

Interpolating the output from the stereomatcher resulted in a smooth continuous surface, which 

can be interpreted as a map of the disparities (or a digital disparity model) across the two images 

used in the stereomatching, as exemplified by Figure 4.7, defined in the left image space.

It is immediately noticeable from Figure 4.7 that the features present in the generated disparity 

model are related to topography on the ground. It should be noted however, that the kriged DDM 

is not perfectly smooth. In fact, a regular banding or ‘streaking’, pattern is noticeable throughout 

the model. This could be a result of noise introduced in the digitization of the photographs. It 

is acknowledged that this streaking could probably be removed with the use of a notch filter^ in 

the frequency domain. However, the streaking did not hinder the visual identifiability of features 

within the DDM, needed for the feature mapping described below and the DDMs were therefore 

left unfiltered.

The DDM presented in Figure 4.7, is only one of a number of DDMs produced for the air-photo 

dataset, although it exemplifies the other results. One thing to note is that the small region of the 

scene where the stereomatcher failed to produce accurate matches (highlighted in Figure 4.6) does 

not appear to hinder the production of a usable DDM. This can be said to be true as long as the

^Spherical variogram models are described in Section 2.4.1
notch filter is used in the frequency domain, to remove frequencies in predefined neighbourhoods.
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(a) Left image (b) Right image

(c) Disparity map after kriging

Figure 4.7: Digital Disparity Model (DDM) derived from kriging and the corresponding sections 
of overlapping aerial photographs
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area of failure does not extend over the whole image. The results presented above constitute the 

generation of a DDM over the most prominent topographic feature in Nam Cat Tien. Needless to 

say, some of the other stereo-pairs of photographs lacked the presence of such a significant feature 

and as such, produced much lower quality results. In several of the stereo-pairs that covered the 

Dong Nai river itself, there were substantially higher percentages of the scene where the stereo

matching failed due to a lack of texture (over the water). These failures did not, in most cases, 

extend over the entire scene, but constituted small areas or regions of failure and as such, were 

compensated for by the kriging process. As a result, the vast majority of produced DDMs still 

highlighted features that appeared to be correlated to features identifiable in the reference DEM.

The stereomatching and kriging processes described above were essentially used to create a ’copy’ 

of the DEM derived from digitizing contours off a physical map (Section 4.2.1. As they both repre

sent depth information related to topography over the same area, they should theoretically contain 

similar information. The key difference though, is that the DEM is geo-referenced, whereas the 

DDM is not.

4.2.5 Feature M apping

The problem of geo-referencing the aerial photographs was therefore reduced to one of how best to 

match the DDM to the DEM. This principally revolved around a procedure of feature mapping. An 

automatic method was initially attempted, using various edge detection algorithms, although this 

proved unsuccessful, due to the streaking pattern present in the disparity model, which produced 

a number of spurious edgels. The use of stereomatching for the purpose of feature mapping was 

similarly hindered by the streaking, although the principal problem with stereomatching the DDM 

and DEM was that the features in most of the images were very small and sparsely distributed. 

Stereomatching was therefore rather unsuccessful, with limited coverage. A visual assessment 

was therefore decided upon. All subsequent GCP selection, transformation and resampling was 

performed using ENVI (v. 3.2-3.5) image processing software.

Firstly, a number of small patches of corresponding areas over prominent features in both the DDM 

and DEM were identified. Within these neighbourhoods, the intensity of each pixel was examined 

and local maxima labelled as corresponding points (Figure 4.8).

Groups of these corresponding points or GCPs, were selected, as far as possible, so as to be 

evenly distributed across the image, enclosing the area of interest so as to avoid extrapolation in 

the transformation. Typically 7 - 1 5  pairs were identified for each image (although the minimum 

required for the transformation that follows is only 2 ).
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Figure 4.8: Local maxima within matching neighbourhoods identified as corresponding points 

4.2.6 Transformation and Resampling

The GCPs for each image were used to perform a simple linear similarity transformation to resam

ple the DDM into DEM co-ordinate space (where each pixel has a known geographical location). 

The similarity transformation works in two dimensions only, i.e. it does not account for height dis

placement (see Section 4.2.7 below). It rotates, scales and translates an image^, although it does 

not allow for any skew. Given an image co-ordinate system, x, y and a ground co-ordinate system, 

X, Y, for any single control point, the two equations in Equation 4.5 define this transformation.

X = ax -  b \ + c 

Y = bx + ay + d

where a,b,c,d are the transformation parameters, x and y are co-ordinates in the DDM and X and 

Y corresponding co-ordinates in the DEM.

The GCPs were used to measure x, y and X, Y, which then enabled the determination of the trans

formation parameters a,b,c,d. The similarity transformation was then calculated, for the DDM in 

question, using a rotation angle (tana = b/a), a scale factor {m = yj{a^ + ^ ) )  and two translations 

{c and d). The transformation was then applied to the DDM, which was resampled into the new 

DEM co-ordinate space, using a simple nearest neighbour method.

The same transformation defined for the DDM, could then be applied to the corresponding ‘left 

image’ aerial photograph^, given that the stereomatching outputs exist in the left image co-ordinate 

space. In this way, photos from progressive stereo-pairs could be mapped to the DEM and then

’For this reason, it is also known as an RST (rotation, scaling, translation) transformation.
®Note that the transformation applies at the resolution for which the DDM was derived, i.e. scaled down by a factor 

of 3.
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mosaicked together, to provide fuller coverage over the study area. One such exam ple is dem on

strated in Figure 4.9, where a rectified hightline has been draped over the D EM  to provide a 3-D 

visualisation.

- '  - V.. ^

Figure 4.9: 3-D visualisation of a rectified fbghtline (1966), over Bau Sau W etlands, Cat Tien 
National Park .

4.2.7 Accuracy Assessment

Accuracy of the rectification procedure was very difficult to determ ine, given the lack of ancil

lary data. Two items of interest were examined. Firstly, the effect o f relief displacem ent in the 

transformed air-photo. Secondly, correlations between the transform ed D DM  and the geocoded 

DEM.

Relief Displacement

The use of aerial photographs inevitably introduces a relief displacem ent effect, as described in 

Section 3.3.3. This can only be corrected for using a rigorous three dim ensional model in the 

transformation. The lack of information available to drive such a model in this case, though, 

precluded its use. Therefore, relief displacem ent could not be corrected for. However, the effects 

were simulated for a single example, to determ ine their size and significance in interpreting the 

results of the rectification procedure.

A ‘corrected’ image was first taken flat. It was then overlain on the geocoded DEM  and the height 

effect simulated using a terrain renderer with texture mapping. A cquisition details were unknown, 

so estimates o f appropriate values (taken from other sim ilar photography) for the cam era position 

and properties were used (Table 4.1).
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Acquisition Property Value Assigned
Camera Height Above Ground 3660 m

Camera Field of View 93°
Viewing Zenith 0°

Viewing Azimuth 0 °

Table 4 ,1 : Camera position and orientation parameters used in simulating relief displacement effect

The actual effect of the displacement can be seen by overlaying the two images as seen in Figure 

4.10.

R elief displacement

Figure 4,10: The effect of height displacement for the aerial photographs

Figure 4.10 shows that the displacement effect appears to be small. A preferable method of as

sessing the differences was achieved through a stereomatching of the two images, where disparity 

information was used to quantify the displacement. The characteristics of these disparities are 

summarized in Table 4.2 and Figure 4.11.

The results clearly show that the relief displacement effect is minimal. Disparities induced by the 

effect are, as a majority, on the order of 2 pixels or less. It was therefore thought that the inability 

to account for this effect would not be important and have insignificant consequences for future 

processing.
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Disparity
Type

Mean St. Dev Min Max Propn. pixels 
-2 ^ 2

Line 0.43 1.55 -65.81 10.80 91.13%
Sample 0.19 1.51 -96.32 31.33 88.58%
Total 1.55 1.58 0 102.03 80.52%*

‘limits here are 0 2, as total disparity cannot be negative

Table 4.2: Disparities caused by the effect of relief displacement

t
0 0 5 1km
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a

(a) Line disparities (b) Sample disparities

Figure 4.11: Line and sample disparities induced by relief displacement
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DDM-DEM Correlations
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Accuracies of the transformed DDM were estimated using correlations between DN values over 

manually extracted areas. Such correlations should be strong, with little variance because, even if 

the values are not the same (DDM does not represent true elevation), they should be related, both 

for the image as a whole, as well as for local subsections.

For each DDM, twenty individual pixels were selected at random. Around both these, and all 

the GCPs used in the transformation, local windows of 100x100 pixels in size were extracted and 

used to compute correlations between the dz values in the DDM and those in the matching area of 

the DEM. Figure 4.12 shows some examples of the local windows in the DDM and the DEM, as 

well as the resulting correlation. In areas where there were large features, such as Figure 4.12 (d) 

and (e), the correlation is strong, with little variance. The variance in the relationship increases 

dramatically in areas where the features are numerous but small (Figure 4.12 (a) and (b)). In areas 

where a spurious feature is located in one model (Figure 4.12 (g)) but not the other (Figure 4.12 

(h)), the resulting correlation (Figure 4.12 (i)) had multiple correlations present, with a flat ‘arm’ 

extending for the area with the unmatched feature.

Results of these correlations are summarized in Tables 4.3 and 4.4, for the 10 frames covering the 

Bau Sau Wetland and its immediate surroundings.

Frame No. R cr DDM o-e
Mean Std. Dev Mean Std. Dev. Mean Std. Dev.

1 0.72 0.24 2.91 0.58 1.77 0.40
2 0.83 0.19 3.34 1.28 1.40 0.34
3 0.77 0.12 2.04 0.65 1.21 0.38
4 0.73 0.28 1.93 0.78 0.99 0.33
5 0.67 0.21 1.96 0.50 1.31 0.27
6 0.79 0.18 2.63 1.11 1.33 0.38
7 0.75 0.20 2.08 0.87 1.12 0.40
8 0.81 0.15 2.11 0.60 1.10 0.29
9 0.60 0.35 1.82 0.67 1.13 0.29
10 0.60 0.23 2.03 0.48 1.51 0.61

Mean 0.73 0.21 2.28 0.75 1.29 0.37

Table 4.3: Mean and standard deviation in correlation coefficient, R, variance in DDM values, cr, 
and variance in the residuals, cr̂  for the GCP sets in each air-photo frame.

As a rule, the correlations were stronger, with a lower variance for the GCP set, than the random 

set. 80% of all frames had a mean correlation coefficient (R) higher than 0.6 associated with 

the set of extracted windows, thereby demonstrating a strong positive correlation. Variance in 

the residuals for both the GCP set and the random point set were low, although variance in the 

DDM values was low to start with. It is thought that the streaking pattern observed in the DDMs 

contributed to some of the variance noticed in the relationships established here.
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(a) DEM (b) DDM (c) Correlation

(d) DEM (e) DDM (f) Correlation

(g) DEM (h) DDM (i) Correlation

Figure 4.12; Correlations between local windows of the transformed DDM and the geo-coded 
DEM
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Frame No. R cr DDM o-e
Mean Std. Dev Mean Std. Dev. Mean Std. Dev.

1 0.75 0.20 3J3 0.80 1.93 0.69
2 0.70 0.37 3.24 1.75 1.43 0.49
3 0.75 0.15 1.95 0.60 1.15 0.40
4 0.47 0.44 1.35 0.74 0.87 0.31
5 0.56 0.28 1.59 0.64 1.16 0.38
6 0.79 0.20 2.63 1.07 1.28 0.39
7 0.72 0.21 1.85 0.88 1.05 0.37
8 0.79 0.15 2.00 0.57 1.09 0.30
9 0.42 0.36 1.34 0.53 1.04 0.31
10 0.34 0.28 1.04 0.36 0.90 0.26

Mean 0.63 0.26 2.02 0.79 1.19 0.39

Table 4.4: Mean and standard deviation in correlation coefficient, R, variance in DDM values, cr, 
and variance in the residuals, cr̂  for the random pixel sets in each air-photo frame.

These means of determining accuracy show that the correlation between the DEM and DDM is 

relatively high throughout. A question to ask though is how does this relate to the actual place

ment accuracy of the stereomatching with regards identifying the location of a single pixel. As 

shown above, the matching of a DDM point with a DEM one may be considered to be very good. 

However, an important point to note is that the resolution of the DEM itself will play a large part 

in determining the final accuracy achievable. Although the airphotos have a high spatial resolution 

of Im^, the DEM was created from a physical map with a spatial scale of 1:10000, which makes 

the accuracy acheivable significantly lower than a few metres. This issue was not deemed a ma

jor problem with regards the work carried out herein, although has obvious implications for any 

parallel studies that may adopt this method of geo-rectification.

4.3 Summary

This chapter has described the application of a stereomatching algorithm to the problem of geo- 

rectifying a set of declassified military air-photos. A disparity model related to topographic fea

tures, was first built and then co-registered to a geo-referenced elevation model to provide the trans

formation required to correct the air-photos. The results suggest that the method can be applied 

with the flexibility and potentially the accuracy required for further image processing. However, 

a number of issues affecting the overall locational accuracy of the rectified image were identified 

and should be considered. The first concerns spatial resolution. The principal problem here is 

finding an optimal resolution to work with, so that results do not reflect tree topology rather than 

general patterns of relief but neither should the resolution be overly degraded as disparities related 

to more subtle topographic features are then lost. The final accuracy of the rectification was also
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found to be dependent on the success of the stereomatching in generating full coverage across con

tiguous photos. Despite the in-built blunder detectors of the stereomatching algorithm employed 

here, it was still liable to suffer from radiometric, geometric and textural problems. The latter of 

these were of particular significance to the air-photos and occurred in areas covered by featureless 

surfaces such as the water. However, in most cases these ‘failures’ were limited to small regions 

and could be compensated for by the kriging process so did not hinder the production of a usable 

DDM. Rectification was also dependent on a successful co-registration between the DDM and the 

DEM. This in turn, relied on the presence of identifiable topographic features in the original im

agery, which was plentiful for the central areas of the Park although were significantly lacking on 

the eastern side of Bau Sau where the land is all flat.

Despite these problems, the method for rectification described here is believed to be robust and 

accurate. This work has explored an interesting new application of stereomatching to the problem 

of exterior orientation: one which should prove useful to high resolution stereo data, in particular 

historical aerial photography where no flight information exists and there are no easily identifi

able features that can be used as GCPs (given that map contour information is available). The 

following chapter uses the corrected air-photos to develop a method for extracting forest structural 

parameters using scene modelling and geostatistics.
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5.1 Introduction

Previous chapters have identified the need for monitoring the forest in Cat Tien and described 

some of the traditional geostatistical methods used for forest parameter extraction from a variety 

of data. The datasets available for this study have also been described and pre-processed. This 

chapter uses some of the data to explore the applicability of traditional techniques and to develop 

an alternative method for parameter extraction.

The principal dataset used in this chapter comprises the high resolution air-photo data over Cat 

Tien. Results of a preliminary geostatistical exploration of the data are given, including an analy

sis of authorised model fitting and the use of range indicators. The establishment of an appropriate 

window size and model for full image processing is investigated, the results presented and associ

ated advantages and problems are discussed.

An alternative method, combining the use of a scene model with ‘variogram component modelling’ 

is proposed. It is the aim of this chapter to fully describe the individual constituents of this method. 

With regard to method development, this includes a justification for the use of the modelling 

technique proposed, an account of how the scene model is parameterised and the details regarding 

the rendering of scenes. Once the scenes have been simulated, a full analysis of the variogram 

component modelling is given, including a preliminary sensitivity analysis of how the component 

variograms vary with changing scene specifications. A separate investigation is also conducted to 

explain the spectral variation in range noted by previous authors (Bruniquel-Pinel and Gastellu- 

Etchegorry 1998, Atkinson and Emery 1999, Treitz and Howarth 2000, Treitz 2001, Levesque and 

King 2003).

5.2 Authorised Variogram Model Fitting

The field of geostatistics and its applications in deriving structure from imagery has already been 

introduced in Section 2.2.5. Preliminary analysis of the aerial photographs concentrated on tradi

tional methods of using geostatistics to extract information regarding objects on the ground. The 

first step was to undertake a set of trial experiments to establish the nature of the data, its in

formation content and the most appropriate way for processing it. This concentrated on the use 

of a classical moving window technique, fitting local isotropic experimental variograms with an 

authorised model.
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5.2.1 Determination of an Optimal Window Size

Subsections of an aerial photograph were extracted at full resolution to act as a test dataset and 

a series of experiments carried out upon them. The first was designed to determine the optimal 

window size for processing. In using a technique based on local variograms only, the importance 

of window size should not be underestimated. It defines the extent of the local area neighbourhood 

to be tested and, as such, also establishes the scale of spatial patterns under consideration. In more 

practical terms, it defines the number of samples available to build a semivariogram. If the window 

is too large it acts as a smoothing filter and the data suffers a loss of local detail. If it is too small 

it will not allow a full characterisation of the variogram: the sill will not be reached and the range 

will be irretrievable.

With respect to the application of the method to a forested area, the window size should therefore 

be at least the same size as the objects on the ground, i.e. the trees. It should be large enough 

to account for the largest trees, but not so large as to have too many trees within its boundaries, 

making further analysis difficult. This makes choice of a window size obviously dependent on the 

image resolution (in this case, approximately Im).

Here, a range of window sizes were tested, from a 11x11 pixel neighbourhood, to a 501x501 

pixel one. In each case the window size was fixed at the given size i.e. adaptable window sizes 

were not considered in this study. Adaptive window sizes are successful when implemented in 

areas where there is a pronounced distinction between different forest stands of clearly varying 

structures (Franklin et al. 2000). For a tropical environment such as Cat Tien, where there is no 

such clear-cut distinction, it was thought that there would be no need for a changing window size.

For each window size under consideration, the method was tested over four separate sub-sections 

of a single aerial photograph. These were chosen on the basis of their containing visually distinct 

vegetation cover types, as seen in Figure 5.1.

In each case, an isotropic experimental variogram was generated for the centre pixel of each sub

section, based on a local window of increasing size. That is, semivariance was derived (from 

Equation 2.12) in four directions, equally spaced at 45° (N ^S,N E^SW , E ^W , SE—>NW), at lag 

distances from 1 to |  total window size, in increasing steps of 1. Isotropic variograms were used 

as an attempt at reducing the anisotropic effects of topographic and viewing/illumination shading.

Figure 5.2 shows the experimental variograms for the subsections, at a selection of window sizes. 

Lag distance here (and throughout unless otherwise specified) is given in terms of pixel distances. 

There are a number of things to note. Firstly, it can be clearly seen that at very small window sizes, 

the variogram has very little ‘shape’ to it and appears linear. The shape becomes more defined with 

increasing window size, with smaller differences between the largest of window sizes (for the same 

subsection), although in these cases the variogram shape may be influenced by larger features than
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Approx scale Approx. scale

Figure 5.1: Four subsections of an aerial photograph over Bau Sau, used for preliminary analysis 
of the aerial photographs

individual tree crowns (such as topography). It is also clear from Figure 5.2 that the variograms 

vary in shape according to the subsection being examined and that this is true for all window 

sizes. The sill is visibly different for all subsections, although it is not immediately apparent 

whether the range differs greatly or not. Another important observation to make is that many of 

the variograms, even at larger window sizes, appear to include a trend, whereby the variogram 

continues to increase, even after apparently reaching the range. This is particularly evident for 

variograms of subsections A,B and C and may possibly be attributable to topographic shading 

effects (see Section 5.3).

Although a visual inspection of the variograms in Figure 5.2 is instructive, it is arguably more 

useful to quantify the variogram parameters, particularly the range, which is thought to be related 

to object size on the ground (St-Ônge and Cavayas 1995). Range in this case, was determined 

through classical authorised model fitting. The experimental variogram s from each subsection, 

at each window size, were fitted with authorised models, using a non-linear inversion based on 

Pow ell’s direction set method in m ulti-dim ensions to m inim ise the error function (Press et al. 

1994). The models used for fitting com prised both the spherical and exponential models and 

resulting ranges are given in Table 5.1. The applicability of these models is investigated in Section 

5.2.2 below.

Table 5.1 shows a significant difference between the range derived using a spherical model and 

that using an exponential model. In almost all cases, the form er is a lot sm aller than the latter. It 

can also be seen that results at very small window sizes are unreliable. This can be attributed to 

the fact that at such small window sizes, the variogram is linear, so both models are inappropriate 

estimates o f the shape and the range is not determinable. An interesting point to note is that the 

difference in range between larger window sizes varies very little, the 501x501 window size being
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Figure 5.2: Isotropic experimental variograms for subsections of aerial photograph over 4 different 
window sizes
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Window
Size

Subsection A Subsection B Subsection C Subsection D

Exp^ Sph^ Exp' Sph' Exp' Sph' Exp' Sph'.
11 878.5 1.32*10^- ' 1160.5 1.6 8 *10^ 1654.7 2 .2 1 *10^ 1250.0 8.32*10*
21 77.3 11.3 4594.2 3.62*10^' 2 0 .0 6.5 34.6 8 .0
31 12.0 6.7 168.9 18.3 16.7 7.6 13.0 6.8
41 10.1 7.4 24.3 10.6 21.1 10.1 13.5 8.3
51 9.1 7.3 30.7 12.9 15.4 9.8 16.7 10.2
61 10.2 8.5 28.5 14.6 16.0 11.0 17.3 11.6
71 11.1 8.9 33.0 17.0 16.6 11.7 15.5 11.4
81 11.5 9.4 32.5 18.7 20.8 14.2 15.1 12.3
91 12.8 9.8 28.3 18.1 21.5 14.3 16.0 13.1
101 16.1 11.5 25.0 17.5 26.9 18.3 15.9 13.2
121 20.8 14.5 22.4 17.2 28.3 19.8 17.1 14.0
141 21.1 15.0 20.0 16.5 29.5 20 .6 22.3 16.8
151 20.9 15.4 18.5 15.7 31.3 22 .2 22 .2 16.8
161 22.1 16.1 16.9 15.1 33.1 23.5 22.5 17.1
181 24.1 17.6 16.1 14.8 34.0 24.0 24.0 18.5
201 25.5 18.3 16.1 14.6 33.5 23.6 26.1 20 .0
501 41.6 29.5 22.5 18.0 63.8 49.9 70.1 52.9

Exp': Exponential Model; Sph': Spherical Model

Table 5.1: Ranges extracted from experimental variograms over subsections of data of varying 
window size, using the spherical and exponential models

an exception for subsections A, C and D, where the range no longer relates to tree size but is more 

likely to reflect some larger pattern, such as topographic shading (which is not accounted for in 

these subsections). Discarding the two smallest window sizes and the largest one, the mean range 

extracted for the subsections fluctuates between 16 and 34 for the exponential model and 11 and 

16 for the spherical model. Selection of the most appropriate window size within the extremes 

then, required an inspection of the experimental variograms over the various subsections. The 

smaller windows (< 50) were discarded as a full characterisation of the variogram was often not 

achieved (the sill was often not reached and range derived from fitting did not often correspond 

to the range observed through visual inspection). Selection amongst the larger windows required 

further analysis, taking into consideration the variogram model in use. An experiment designed to 

examine this was therefore carried out and is described below.

5.2.2 Determination of an Appropriate Model

Using the same test subsections as those employed in the analysis above (Figure 5.1), an experi

ment was carried out to determine which of the authorised models would be the most appropriate 

for characterising the shape of the experimental variograms observed in these data. Only two 

models were considered: the spherical and the exponential, both with and without the addition
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of a nugget com ponent’ . The reasons for this lim itation are many. The experim ental variograms 

seen in Figure 5.2 clearly show the applicability o f a geostatistical model to the analysis of spatial 

relationships for these data, particularly for the larger window sizes where semivariance displays 

a classic increase with increasing lag and with a distinct leveling off at the ‘sill’. It is also evident 

that the form of the variogram is non-linear (ignoring the sm allest window sizes, where its true 

shape is not fully characterised). Neither are the variograms visibly periodic, that is they are not 

consistently repetitive as would be expected for a furrowed field for example. O f the remaining 

models only the spherical and exponential are tested as these are the most com m only and success

fully used for vegetation applications, although opinions as to which is better vary, some using the 

spherical (Treitz and Howarth 2000), while others preferring the exponential (Bruniquel-Pinel and 

Gastellu-Etchegorry 1998).

The distinction between the two models is best described with the use o f an example. A simple 

spherical model (Eqn. 2.15), with a range «=55 and a sill Ci = l ,  is shown in Figure 5.3:

I
I

Ld5 (h)

Figure 5.3: Spherical model: «=55, C | = l

Fitting an exponential model to this, to derive an estim ate of the range indicator (« ') and sill (C p , 

highlights the dissim ilarities in the two models. Figure 5.4 visualises the differences:

1.Û

Û.8

I a6
.1
I H4

0.2 -  Sphericol 
Enponentiol

0.0^
ao 75.0

Log (h)

Figure 5.4: Exponential fit to a spherical model o f «=55, C | = 1

The slope to the sill in the spherical model is steep, whereas in the exponential it is more gradual. 

The estim ated exponential range indicator in this case is « '=26 .15 . Considering the general esti-

'These have been described in Section 2.4.1 and a detailed discussion of each is therefore not included here.
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mator a = 3a' for the exponential model (Ramstein and Raffy 1989), the range ‘proper’ for the 

exponential fit can be seen to be 78.45. At this point, the exponential variogram incorporates 99% 

of the variance and an effective sill has been reached. However, it is clearly not the ‘true’ range 

of the original variogram. These differences make the spherical and exponential models mutually 

exclusive. In cases where one may be the most appropriate model to describe observed variogram 

shape, the other will almost certainly not be.

In this study, experimental variograms calculated over the test windows, were fitted with both 

spherical and exponential models. Variograms were isotropic over a window ranging in size from 

91x91 pixels to 201x201 (these being the most characteristic, given the previously undertaken ex

periment on window size). Fits for individual pixels picked at random throughout the subsections 

provided a means of assessing the differences between the two models.

Figure 5.5 shows some examples of spherical and exponential model fits (without nuggets) to the 

experimental variograms extracted from the data, over the smallest and largest window size tested, 

for a single random pixel. A visual inspection of these does not immediately identify the best 

model to use, although a number of observations can be made. Given that the principal parameter 

of interest is the range, it is particularly significant to note the fit at the reaching of the sill. In many 

of the experimental variograms, a trend may be observed, whereby the semivariance continues to 

rise after apparently reaching the sill. Such trends may be attributable to topography (Section 5.3) 

and it should be noted that their presence may have influenced the results presented in this section.

In general, the models provide a more successful fit to variograms extracted from windows sized 

91x91. For subsections A,C and D, the exponential model better characterises the shape, although 

this is not so for subsection B where the spherical provides a closer visual fit.

Visual analysis, albeit useful in detecting broad trends in the fitting, is very user-subjective. For 

selection of a single model to apply to the dataset at large, an unbiased measure was required. This 

was provided through the use of the Akaike Information Criterion, AIC, (Akaike 1974, Matsuoka 

and Ulrych 1986) as given in Equation 5.1.

AIC = N\n{L) + 2km (5.1)

where N  is number of data points, is the number of parameters in the model to fit m and L is 

the likelihood function used as a measure of fit, which in this case refers to the sum of the squared 

differences (SSD). The AIC has been shown to be an accurate, robust and objective measure for 

model selection (Matsuoka and Ulrych 1986). It gives an estimate of the goodness of fit, whilst 

taking into consideration the number of parameters used in the model m and thereby forms a 

tradeoff between the model fit (which may reduce the SSD) and the complexity of the model (as 

indicated by ^^).
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Figure 5.5: Exam ples of exponential and spherical model fits to isotropic experim ental variograms 
from a random pixel in subsections at two different window sizes
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111 this study, the AIC was calculated for each model fit against the experim ental variograms of 50 

random pixels across each subsection. Tables 5.2 and 5.3 sum m arize the results for fits where no 

nugget com ponent was included in the authorised models. It gives the mean and standard deviation 

in the AIC value over all 50 random pixels for each case.

Subsection Window Size 91 Window Size 121 W indow Size 151 Window Size 201
Mean St. Dev. Mean St. Dev. Mean St. Dev. Mean St. Dev.

A 2 3 9 J 33.5 3 2 1 2 4 9 J 39L 8 57.3 518.9 76.3
262.9 34.9 36T 6 54.3 447.7 72.2 583.4 95.2

C 235.9 35.5 329 9 52.7 4 I9 .I 75.0 602.9 112.8
D 240.0 342 3 2 4 0 4 8 3 401.9 65^ 555.5 109.0

Table 5.2: M ean and standard deviation of AIC values for exponential model fits over set of 
random pixels across subsections

Subsection Window Size 91 Window Size 121 W indow Size 151 Window Size 201
Mean St. Dev. Mean St. Dev. Mean St. Dev. Mean St. Dev.

A 253.2 3 2 5 350.3 48.7 436.3 58.9 59&2 8 2 4
B 252.3 34.4 353.1 5 3 ^ 433.5 6&8 578.7 9&4
C 2 51 .1 3 ^ 9 3 6 2 4 5 8 ^ 467.6 7 8 3 658.8 116.0
D 245.3 40.8 352.3 5 8 ^ 4WT5 81.7 627.4 114.5

Table 5.3: Mean and standard deviation of AIC values for spherical model fits over set of random 
pixels across subsections

There are a num ber of patterns evident in the results, the most important o f which can be seen in 

Figures 5.6 to 5.7. Am ongst the subsections themselves, the results are sim ilar at all window sizes: 

that is, that there is not much differentiation between the AIC values across different subsections, 

with the exception of subsection B, which does not appear to fit as well^. An example can be seen 

in Figure 5.6, at a window size of 121x121.

Figure 5.6: AIC for exponential model fit to random pixel variograms over a window size of 
121x121 pixels, across all subsections

^although this is not the case for the spherical model fits, which are much closer together
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For any single subsection, the results across different window sizes are also similar and apply 

to both models. W indow sizes smaller than 91x91 were not included in the study as a visual 

inspection showed that the small number of samples at these window sizes did not allow for a full 

characterisation of the variogram. As can be clearly seen, the AIC values vary across the four 

window sizes, the general trend being a decrease in the AIC value for sm aller windows. This is 

true for both the spherical and exponential model fits. The AIC is dependent upon the number of 

data points (N)  and is therefore higher for larger windows. The em phasis was therefore put on 

com parisons between models for the same window size at any given time.

Figure 5.7 shows the AIC values for random pixels across exem plary subsections (B and C), for 

the exponential and spherical model fits at a single window size of 91x91. For subsections A and 

C, it is clear that the exponential model provides a better fit across alm ost all the random pixel 

variograms. Subsection D has an almost equal mixture, with the exponential model providing a 

minimum AIC for 60% of the variograms. Subsection B is the exception and the variogram is 

better characterised by the exponential model in only 35% of cases.

(a) Subsection B (b) Subsection C

Figure 5.7: Exemplary AIC values for exponential and spherical model fits to random pixel vari
ograms across all subsections for a window size o f 91x91

It would seem then, that the suitability o f the authorised model varies from scene to scene, across 

the air-photo data, although in the majority of cases the exponential provides a better fit. However, 

this refers only to fits that do not incorporate a nugget com ponent in the variogram model. As 

previously stated, in Chapter 2, a nugget is a fiat additive com ponent incorporated into the model, 

used to represent semivariance that is spatially independent at all scales (Atkinson 1993). AIC 

values for fitting exponential and spherical models inclusive of a nugget were calculated and are 

summarised in Table 5.4. The same trends were noted here, as for the results presented above. 

There was no apparent benefit derived from including a nugget in the m odelling for this particular 

dataset, i.e. AIC values were higher when including a nugget.
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Subsection Exponential Model Spherical Model
Mean St. Dev. Mean St. Dev.

A 246.7 38.3 267.2 39.6
B 265.2 34.7 274.0 37.0
C 246.4 34.5 268.5 32.6
D 245.2 34.7 261.2 40.8

Table 5.4: Mean and standard deviation of AIC values for spherical and exponential model fits 
including a nugget component over set of random pixels across subsections, for a single window 
size (91x91)

The experiment above has shown that in the majority of cases, the exponential model with no 

nugget best characterised the variograms derived from this dataset. Given that the forest imaged 

in the air-photos is natural and unmanaged, it is not surprising that derived variograms are better 

described by the exponential model. Spherical models provide better fits when all objects in the 

scene are generally of a similar size and shape. In scenes comprising objects with a wide size 

distribution, the variograms tend towards a more exponential shape. Regarding window size, the 

larger ones were discarded to avoid the influence of large features unrelated to individual trees 

appearing in the variograms. A local neighbourhood of 91x91 pixels and an exponential model, 

without a nugget component were selected for processing full images.

5.2.3 Range Indicators

The method for applying authorised variogram model fitting discussed thus far has used a numeri

cal full inversion technique for fitting experimental variograms with authorised models. Although 

this method worked well, with only a small proportion of cases failing to converge, it proved to be 

relatively slow when applied to large datasets. Given that the air-photos here comprise a number 

of flightlines, of multiple images at a high resolution, an alternative method that was more effi

cient for batch processing was required. Essentially, this involved using range and sill ‘indicators’, 

rather than performing a full inversion on every pixel. In the case of the sill, deriving an indicator 

was simple. It is well established that the sill is representative of the a priori variance in a scene. 

The neighbourhood variance was therefore calculated for each local window and taken as a sill 

indicator.

The range indicator was not so simple to define, as it is dependent upon the variogram model in 

use. It has previously been shown by Ramstein and Raffy (1989) that an approximate value of the 

range for an exponential model, a', can be defined using a single lag sample as follows:

Given the exponential model

y(h) -  Co + Cl | l  -  exp jj (5.2)
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where y(A) is semivariance at lag h, Co is the nugget variance, C\ is structured variance and a' is a 

positive constant. Given that

7 (0 ) = 0 (5.3)

and given a theoretical value of C (equal to Cq + Ci), representing covariance with second-order 

stationary variation, then

C = lim j(h) = limh—*oo A—>00 2
mean {z(x) -  z(x -i- h)Y

xeW
= meanz (%)

xeW
(5.4)

where W is the window size and z the DN value of the image at location x. A value for a' can be 

derived as follows:-

7  = C ( l - e x p | - ^  

~h
a =

(5.5)

a' = -h !  log r1 -
meanz^ix) 

V xeW

Ramstein and Raffy (1989) show that the value of a' is dependent on the window size (W), which 

must be large enough to give statistical significance to the mean.

The derived value of a' can be used as a range estimator^ and applied to imagery to distinguish 

variations in land cover in much the same way as the full least squares fitting described above. It 

can be combined with the local window variance to produce very similar results but, as it uses a 

single lag sample, processing becomes much more efficient.

Deriving a range estimator based on a single lag sample from a spherical model has not previously 

been attempted and given that the exponential model with no nugget provides the most accurate 

fitting overall (as seen above), it was not essential that one should be employed. However, it 

was thought that such an indicator may have been useful in applications to other data comprising 

forested scenes. One such estimator was therefore developed here. It is presented below because, 

even though it was not directly applicable to the data at hand, it comprises a new and interesting 

contribution to knowledge that may be of wider use.

Starting with the spherical model (with no nugget)

Ît should be noted here that this parameter a', does not represent the actual range per se, but rather, it is a related 
term equal to approximately one third the effective range, as demonstrated in Figures 5.3 and 5.4 above.
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7(A) = Y a \a
(5.6)

and assuming that y/C  = F and that x = hja, it can be seen that

— 3% — (5.7)

-2 F  + 3x -  = 0 (5.8)

Making the further assumption that y < C, it can be seen that 0 < F  < 1 in which case F can be

substituted with cos Q. Equation 5.8 can now be re-written as

-2cos 0 + 3x -  x  ̂ = 0 (5.9)

Setting 0  = 0/3,

-2  cos (30) + 3x -  x  ̂ (5.10)

the solutions to which are

xi = - 2  cos 0  (5.11)

( 1 + V3)
X2 =  COS 0 4 - -----------   sin0 (5.12)

(1 + ^ )  ,

X3 = COS 0 -----------   sin0 (5.13)

The root given by Equation 5.11 will never be correct because 0 is always a positive number" .̂ The 

decision on which of the other two possible roots to use, comes from an examination of the shape 

of the function being examined. In this case, it can be assumed that the lower of the two other 

roots is more likely to be correct. Equation 5.13 is therefore the most appropriate solution to use. 

It should be noted that for coding purposes, given that xg > 0, a constraint was employed to test 

the validity of the result at any individual pixel, based on

(i + Vs) (i + Vs)
cos 0 ------- ------sin 0  > 0 —> 1    tan 0  > 0 (5.14)

''if 0 is always positive, jci will always be negative and will therefore lie beyond acceptable physical limits for the 
range.
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These equations comprise a range indicator for a spherical model given a single lag distance sam

ple. In the same way that the exponential range estimator produces results similar to full least 

squares fitting so does the spherical estimator. In the section that follows however, only the for

mer is applied to full air-photos given that the spherical model has been shown to provide a less 

accurate fit overall.

5.2.4 Parameter Mapping

Using the range and sill indicators established above, maps of inverted variogram parameters were 

produced (as opposed to the individual pixel variograms previously examined) for the area cov

ering the Bau Sau wetlands. Isotropic experimental variograms were calculated over a moving 

window of 91 x 91 pixels and the range relating to an exponential model shape retrieved using 

the Ramstein and Raffy (1989) range indicator, with a limited set of lag samples. The sill was 

estimated in each case by the variance of the local window and maps similarly produced, although 

it is the range maps that are of more interest here. Figure 5.8 shows an example of these ‘range 

maps’ for the photograph and subsections depicted in Figure 5.1 above. In each case, the range 

maps have been scaled the same (10 - 50) and overlain on the original photograph, for an enhanced 

visual interpretation.
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Figure 5.8: Range maps for an aerial photograph over Bau Sau and four subsections

There are a number of things to note from these range maps, with particular reference to the image 

subsections. Firstly, there are the smoothing effects associated with the use of a local neighbour

hood for operation. This gives the results a ‘blocky’ appearance, which is not immediately obvi

ous in the overlain images shown in Figure 5.8, but whieh are more apparent in the raw parameter
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maps. Such a local consideration is necessary in the case of semivariance and the smoothing effects 

therefore unavoidable although, should the smoothing effects be deemed significant, an attempt at 

reconstruction using deconvolution could be made. More visible, though, is the influence of topo

graphic shading on the results. It is clear from Figure 5.8, that the retrieved values of range are 

closely correlated to topography. In areas of topographic shading, retrieved range values are very 

high, often higher than the maximum lag sampled (30). This is particularly evident in subsection 

B where the only significant strip of topographic shading corresponds to a band of very high range 

values. This would imply that the range values extracted may be influenced by external factors 

other than object size, although the rest of subsection B (which looks homogeneous upon visual 

inspection) produces an array of range values that do not correspond to topographic variations.

Subsection A demonstrates another important result of the range mapping. That is, that in the area 

not covered by tree vegetation (top right hand side) a difference in local range is still identified, i.e. 

the wetland area is not identified as the homogeneous block it should be. However, the variance 

map does make a distinction between the wetland and vegetated areas because the former appear as 

areas of exceptionally low variance. It may therefore improve performance of the range mapping 

if the variance map were used as a mask prior to range retrieval, so as to exclude the wetlands.

5.2.5 M anual Photo Interpretation

Despite the immediate problems identified above, the parameter mapping does clearly provide 

some differentiation in locally estimated range, that does not arise from topographic variation 

alone. However, for these maps to be of any subsequent use in forest parameter mapping, a quan

tifiable relationship between the variogram parameters, range and sill and the forest structural 

parameters of interest (crown size, tree density, crown cover) was needed. Such relationships are 

generally established empirically (Rebelo 1999) and rely on the existence of ground data at or near, 

the time of data acquisition. Unfortunately, the historical nature of these aerial photographs meant 

that there were no such ground data available and therefore, an alternative route needed to be fol

lowed. Given the high resolution of the data, it was thought that a relationship between the various 

parameters could be established through manual photo-interpretation, which is a well-established 

technique used in surveying and inventorying forests of various different types (Lillesand and 

Kiefer 1994).

From the series of air-photos surrounding Bau Sau, a list of 200 random points was created, from 

which 35 were selected for manual validation. These were chosen based on their associated range, 

so as to cover a full spectrum of the values inverted. Around each of these points, a 91 x 91 pixel 

neighbourhood was extracted and all trees manually measured using Arclnfo software. For each 

identifiable tree in the window, crown diameter was measured in two perpendicular directions and
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individual crown areas approximated with the use of simple geom etric shapes; in this case, circles 

(Figure 5.9).

(a) Crown Diameter (b) Crown Area

Figure 5.9: M anual measurements of crown diam eter and area for individual trees within a 91 x 
91 pixel neighbourhood

In this way, a mean crown diam eter value (relating to object size) for the window was obtained as 

well as an estimate of the local proportion o f crown cover^. These values were then compared to 

the retrieved range and sill values respectively, in an attempt to establish firm relationships between 

the two. The sill was also compared to manual m easurem ents of tree density, given that these have 

previously been shown to be related (Hudak and W essman 1998). The resulting relationships and 

corresponding correlation coefficients (R) are shown in Figure 5.10.

It is plain to see that the results are extremely poor. In the case o f the range - diam eter plot, there 

appears to be a positive relationship as expected, although not significant. In the case of the sill 

relationships, neither are significant, with the sill - density relationship appearing to be almost 

random. Even the relationship between manually measured % cover and density is not significant, 

providing a correlation coefficient o f only 0.27. In all cases the standard deviation of the residuals 

is large, with only 17.2% of the variance in the range - diam eter relationship accounted for by the 

best fit line; and not more than 9% of the variance accounted for, in the sill relationships. It is clear 

that these relationships cannot be used to confidently produce accurate m aps of tree parameters, 

for there is no significance in the relationships defined.

Authorised model fitting, combined with manual photo-interpretation then would appear an inap

propriate method with which to pursue forest param eter mapping for Cat Tien using this dataset. 

There are a num ber of reasons why this may be so, which include a variety o f problems associated 

with the actual process o f manual measurement, as well as some general lim itations related to the 

application of authorised model fitting.

’N.B. Overlapping areas of adjacent trees were only counted once.
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Figure 5.10: Relationships between inverted variogram parameters and manually measured tree 
parameters for 35 local neighbourhoods
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Of the former set, the most significant is arguably the fact that the author had no formal training 

in manual photo-interpretation beyond the basic level and the results may therefore have been 

subject to significant interpretation errors. The labour-intensive nature of photo-interpretation also 

meant that the manual measurements were exceedingly time-consuming. This in turn, limited 

the number of samples available for the building of relationships, which may have contributed 

to the poor results. The presence of significant topographic shading made it difficult to discern 

individual trees, which introduced distortions in the diameter and areal measurements and may 

have caused an inconsistency in results across local windows. In retrospect, it is recognised that a 

stereo-interpretation may have increased the accuracy of the results.

These problems were compounded with some more general limitations that arise when using au

thorised model fitting. These include inversion failures and long processing times (even with the 

use of a range indicator rather than a full inversion), but principally concern the question of ‘how 

well does an authorised model fit the data’? Even if a model is seen to be a good estimator of 

the general shape, none of the models can account for the more subtle, high-frequency oscillations 

that are often noticed beyond the range. Neither is there any accounting for obvious trends in the 

data such as those caused by topographic shading, which may contribute to why the exponential 

model appears a better fit in the first place. With the use of a scene model abstracting the model 

variogram to a classical shape may even be considered unnecessary for the case of remote sens

ing, where there are a very large number of samples available to calculate reliable experimental 

variograms for both image and simulated scenes.

In addition to the problems outlined above, the development of a technique for forest parameter 

mapping should be applicable to multiple datasets, particularly if a temporal analysis is required. 

Authorised variogram model fitting may be applicable at different spatial resolutions but the rela

tionship between range and forest parameters will vary with scale. Empirical relationships would 

therefore have to be separately defined for each set and where photo-interpretation may work with 

high resolution aerial photographs (despite the results shown above), it is not applicable at low 

resolution data where the mean object size is smaller than the size of a single pixel.

Given all the problems outlined above, an alternative method for mapping forest parameters using 

geostatistics is presented in this study. It focuses on the application of a scene model to the problem 

and is described in detail in Sections 5.4 and 5.7 below. First though, a closer look is given to the 

problem of detrending the data given that the presence of a trend in the variograms has been shown 

to be significant in the results presented above.
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5.3 Detrending the Data

The presence of relief is clearly visible in the aerial photographs and even forms the basis of 

the geometric correction applied in Chapter 4. Although the topography has been shown to have 

little effect on the locational precision of the data, it may still influence the scene variogram. 

Topographic variations at a broad scale across a single site, have previously been shown to induce 

a linear upwards trend in the variogram (Lobo et a l 1998) similar to that seen in the experimental 

variograms derived in Section 5.2.1 above. Such trends in the variograms may influence the fitting 

results and as such, should be accounted and corrected for where possible. One of the strengths 

of the scene modelling technique proposed in later Sections is that the presence of topography can 

be explicitly incorporated through the use of a DEM. However, given the time constraints of this 

study, a full modelling of relief was not included and topographic effects were therefore accounted 

for using a simpler method of detrending the data prior to processing.

5.3.1 Detrending in the Frequency Domain

It was thought that topographic effects in the variograms originated from spatially correlated varia

tions at a broader scale than those incurred by the presence of trees alone. Detrending was therefore 

accomplished by filtering out low frequencies. Given a raw aerial photograph, such as the section 

shown in Figure 5.11(a), the data were first transformed into the frequency domain with the use 

of a forward Fourier transform. Here a low pass Gaussian filter (Figure 5.11(b)) was applied to 

the data before being transformed back to the spatial domain. The reason for using the frequency 

domain rather than the spatial one is that convolution in the spatial domain is equivalent to the 

multiplication of the frequency spectra of two signals in the frequency domain and it is there

fore computationally faster to use the latter^. The resulting low-frequency image (Figure 5.11(c)) 

was then simply subtracted from the original data to give the ‘flattened’ result as shown in Figure 

5.11(d).

The detrended image appears visually ‘flattened’, especially in comparison to the original image, 

although it should be noted that the degree of ‘flattening’ was found to be dependent upon the 

size of the Gaussian filter used, which was required to be small enough to pick out the frequencies 

associated with the ‘dumpy’ hills apparent in large sections of the aerial photographs and yet not 

so small as to eliminate the largest trees.

The effects of detrending on the experimental variograms were examined using five Gaussian filters 

of varying size (10 x 10 pixels to 150 x 150 pixels). For each filter size the detrending procedure

^N.B. Fourier Transforms were performed using the commonly applied fast Fourier transform (FFT) algorithm, 
which is a more efficient means of calculating the discrete Fourier transform (DFT) (Mather 1996)
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(a) Extract from raw aerial photograph (b) Gaussian 
filter

0

(c) Low frequency image post filtering

(d) ‘Flattened’ aerial photograph

Figure 5.11: The steps involved in detrending the aerial photographs via convolution and subtrac
tion
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described above was followed and the ‘corrected’ images used for calculating experimental vari

ograms, within a local pixel neighbourhood of 91 x 91 pixels (in accordance with the work carried 

out above). Figure 5.12 shows the experimental variograms for four individual pixels calculated 

on both the original image data, as well as the various ‘corrected’ datasets.
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Figure 5.12: Experim ental variograms for four random pixels, calculated for data detrended with 
Gaussian filters of varying size.

These four cases demonstrate the general pattern observed for the 200 random pixels examined. In 

nearly all cases, the original experimental variogram shows a clear upwards trend in semivariance, 

even after the apparent range is reached. In all cases the effect of the low frequency filtering 

described above was to remove this upward trend, the degree of which was dependent on the size 

of the filter used. It is also clear that the sm allest filter (10 x 10) tended to overcompensate for 

the trending effect, whereas the difference between the other four sizes tested was significantly 

smaller.

Figure 5.12 shows that the detrending process may also induce a variation in extracted range. This 

difference is sum m arised (for the image extract used above) in Figure 5.13, which shows a differ

ence image between range extracted from the original photograph and the range extracted from
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a photograph detrended with a 90 x 90 Gaussian filter^. It is clear that the largest discrepancies 

between the two are found in regions highly affected by relief and in particular over Tiger Hill. 

These differences in retrieved range indicate that the overall results from the authorised model fit

ting may have benefited from the use of detrended data. However, given other problems associated 

with establishing a working relationship between variogram and tree parameters, the experiments 

were not re-conducted. The effects of the detrending were not so severe on local window variance, 

which remains fairly similar post processing.
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Figure 5.13: Difference in extracted range attributable to detrending with a Gaussian filter sized 
90 X 90 pixels

Following the exploration of detrending effects on the variogram described above, the full air-photo 

dataset was ‘detrended’ for future analysis. A Gaussian filter of 90 x 90 was chosen for removing 

low frequencies and the resultant images scaled to have unit mean. Given the full set of detrended 

data, now ready for parameter extraction, the remaining sections of this chapter concentrate on 

the development and conceptual understanding of a new modelling approach for forest parameter 

extraction using geostatistical modelling.

’Ranges were extracted using isotropic local variograms using the previously described range indicator for an expo
nential model with no nugget, over a pixel neighbourhood of 91 x 91.



CHAPTERS. METHOD DEVELOPMENT AND UNDERSTANDING 154

5.4 A Bi-Modal Scene Model

Given the problems associated with the authorised model fitting approach as described above in 

Section 5.2.4, an alternative method for extracting forest parameters using variograms is described 

here and focuses on the application of a scene model to the problem. Scene models have been 

used before in trying to calibrate relationships between variograms and ground parameters, as 

described in Chapter 2. However, the approach used here differs from these previous studies in 

that it uses numerical scene simulations to provide a set of candidate model variograms for use in 

inverting experimental variograms obtained from the data. This means that the model variograms 

are derived from physical realisations of scene structure and are no longer limited to the use of 

an authorised model. It has been argued that abstracting the scene model variogram to a classical 

shape may be considered unnecessary in the case of remote sensing, where a very large number of 

samples are available to calculate reliable experimental variograms for both image and simulated 

scenes. A further benefit of using scene modelling in this way is that it provides a direct link 

between the experimental variogram and vegetation structural parameters being simulated.

Details of the new approach are described in the sections that follow. Inversion of the model and 

results of parameter extraction through variogram matching, are described and presented in Chap

ter 6 . First though, the remainder of this chapter gives a full description of the parameterisation of 

the model, followed by an explanation of the variogram component modelling technique, includ

ing an analysis of the variogram components themselves and how they vary with scene and sensor 

specifications.

As already hinted at in Chapter 2, the modelling follows a geometric-optical approach where 

reflectance is seen as being principally controlled by the variations in the patterns of sunlit and 

shadowed objects and background in a scene and where the objects and background are known as 

the scene elements. The reflectance of the scene as a whole can be thought of as an area weighted 

sum of the radiance contributions from the various scene elements. Considering a scene viewed 

from above, populated only by trees (albeit of varying sizes), these elements constitute sunlit 

crown, sunlit ground, shaded crown and shaded ground (Equation 5.15).

P X — P s c P s c  P s g ^ s g  P b c P b c  +  P b g P b g  (5.15)

where p is the element reflectance, P is the proportion, sc is sunlit crown, sg is sunlit ground, be 

is shaded crown and bg is shaded ground.

The variations in the proportions of each element will not only be controlled by the density of trees 

in any given scene, but also by the viewing and illumination configuration. In this case, only a two 

element model was considered, the difference between the crown and ground being the significant
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factor. There were various reasons for disregarding shadowing effects in this study, the principal 

being the lack of acquisition information for the air photos, which by association meant a lack of 

information regarding sun and view angles. This in turn, made it difficult to accurately incorporate 

shadowing effects.

An exploratory analysis o f image histogram behaviour was carried out to establish whether the 

assumption of a two element model was appropriate for the air-photo dataset, as described below.

5.4.1 Im age H istogram  Analysis

Six image subsections were selected from across the air-photos. These were chosen to represent 

the spectrum of visible variations in vegetation cover, in and around the areas where ground plots 

were established during the field campaign (Figure 5.14). W ithin each of these a further four 

separate local neighbourhoods (9 1 x 9 1  pixels) were identified, to produce a test dataset comprising 

of 24 ‘image w indow s’.
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Figure 5.14: Im age extracts used for histogram analysis, taken across 4 aerial photographs cover
ing Bau Sau

Image histograms of DN values were derived for all the image windows in the test dataset, some 

examples of which are shown in Figure 5.15.

For a two elem ent model to be applicable, the histograms must be generally bi-modal with 2 peaks 

which can be taken to represent crown and ground. Shadowing in the scene can therefore be 

incorporated in the lower ends of each distribution. The suitability o f a bi-modal shape for the
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Figure 5.15: Local image windows, with corresponding histogram s over six vegetation types

histograms was tested through both Gaussian curve fitting, as well as the identification of inherent 

maxima.

Gaussian Curve Fitting

Each local image histogram was fitted with a multi-peak Gaussian curve (Equation 5.16), the 

num ber of peaks n varying from 1 to 6.

y  = )  ai e \ p - i  )
^  Ci

(5.16)

where n is the num ber of Gaussian models to fit, a is the am plitude or magnitude of peak /, b 

is the centroid and c corresponds to the standard deviation. A standard nonlinear least-squares 

routine, the Levenberg-M arquardt algorithm, was used for the actual fitting itself (Press et al. 

1994). Prior to fitting, the histograms were firstly smoothed, using a sm oothing filter sized 15 

pixels, to elim inate spurious local maxima and facilitate curve fitting. They were then scaled (0- 

100) to enable the code to provide initial estim ates for each of the parameters. Eigure 5.16 shows 

the original histograms, together with the fitted multi-peak Gaussian curves for 3 exemplary image 

windows shown above.
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Figure 5.16: Smoothed histograms, with corresponding multi-peaked (1-4) Gaussian fits.
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Looking at the visual fits, the single peaked Gaussian appears to perform  quite poorly (with the 

exception of image window II not shown here) and there appears to be little difference between the 

higher-order fits. The AIC was calculated for each fit and can be seen for the 6 window extracts in 

Figure 5.17 below.
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Figure 5.17: AIC calculated for image window histograms fitted with multi-peak Gaussian curves

It is clear that in each case increasing the number of peaks in the Gaussian curve allows for a closer 

fit to smoothed histogram (lower AIC), although it is acknowledged that this may be due to the 

‘spiky’ nature o f the image histograms even when smoothed. It can also be seen that whereas the 

benefit in adding more peaks (i.e. the decrease in the AIC) is considerable for the change between 

one and two peaks, the benefits of further increasing the num ber o f peaks is m uch lower. This 

is further seen by a visual assessment of Figure 5.16, where the shape of the fitted histogram is 

seen to differ greatly between the single and multi-peaked Gaussians, but the shape varies only 

slightly for the Gaussians fit with more than 2 peaks. It was therefore thought that to further test 

the necessity o f multiple peaks beyond the bi-modal model, inherent m axim a in the curves would 

be examined.

Identifying Local Maxima

If the histogram were a smooth bi-modal curve representing crown and ground distributions of 

reflectance, then only two defined maxima would be present. As seen in Figure 5.15, the actual 

image histogram s are far from smooth curves, but rather, are characterised by a very spiky appear

ance^. To test for inherent peaks, the histograms were sm oothed at varying degrees (4 - 24 pixels)

®This is undoubtably influenced by the number of bins used in calculating the histogram, which was kept at a 
constant of 256.
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and local maxima searched for. Table 5.5 and Figure 5.18 summarise the results for the test data 

image histograms.

Image window Number of Local Maxima Extracted
sf: 4 sf: 8 sf: 12 sf: 16 sf: 20 s f  : 24

1 8 3 2 2 1 1
2 1 1 1 1 1 1
3 2 1 1 1 1 1
4 7 9 7 4 2
5 1 1 1 1 1 1
6 1 1 1 1 1 1
7 1 1 1 1 1 1
8 1 1 1 1 1 1
9 11 5 3 2 2
10 4 3 4 3 1 1
11 1 2 1 1 1 1
12 9 6 3 2 2 1
13 10 4 5 2 2 1
14 5 3 2 2 2 2
15 6 2 3 3 2 3
16 7 3 2 2 2 2
17 5 1 1 1 1 1
18 3 2 2 2 2 2
19 4 3 3 2 4 2
20 12 10 5 6 2 2
21 1 1 0 1 1 1
22 7 4 1 1 1 1
23 2 1 1 1 1 1
24 3 3 2 1 1 1

*sf: size of smoothing filter

Table 5.5: Number of local maxima extracted from histograms smoothed with filters of varying 
sizes

Table 5.5 and Figure 5.18 show that the number of local maxima detected in the histogram is very 

much dependent on the smoothing filter applied prior to processing. At the smallest filter size (4), 

many of the histograms display a large number of local maxima, undoubtedly due to the continued 

presence of spikes in the data. As the size of the smoothing filter increases so does the number of 

local maxima decrease. With the largest filter, over 96% of histograms display two or less apparent 

maxima^. Even with quite limited smoothing (filter size 10) 50% of the windows display hi- or 

uni-modal behaviour. Assuming a scene comprised of only two scene elements (as opposed to 

four) was therefore considered appropriate for these data.

Results were also found to vary according to the size of the local window over which the histogram 

was calculated: the number of retrieved local maxima decreasing with increasing window size,

 ̂A single dominant peak may still be represented by a bi-modal Gaussian, assuming that one element is more widely 
present than the other and its distribution therefore prominent.
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Figure 5.18: Retrieved local maxim a for image histograms sm oothed with filters of varying sizes

regardless the size of the smoothing filter applied. From the num ber o f local maxim a retrievable, 

it would seem that a bi-modal model for the histogram would not be inappropriate. Given these 

and the AIC results, a bi-modal histogram and therefore a two-elem ent scene, was assumed for the 

modelling.

The application of a two-peaked Gaussian model to image histogram analysis is further explored 

in Section 6.6 where the model param eters a,b and c are used to derive information on the scene 

elements such as crown cover and elem ent brightness, which act as a means of validating the vari

ogram matching method (given that there were no ground data at the time of acquisition available 

for validation).

5.5 Parameterising the Scene

The first step in developing the scene modelling approach was to param eterise the scene. This was 

done as a function of mean tree diam eter at breast height.

5.5.1 DBH as the Driving variable

Tree diam eter at breast height (DBH) is a recognised dimension o f tree structure included in most 

if not all, forest surveys and inventories. It is em pirically m easured at a standard height of 1.30m 

(Chhetri and Fowler 1996). It has been widely established in the literature that DBH  can be used as 

a tool for deriving other key structural parameters of a tree. Principally, it has been demonstrated 

to have a significant relationship with tree height across a wide variety o f different tree species
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in different environments and it has become standard procedure to empirically derive diameter- 

height curves for use in indirect height measurement (Chhetri and Fowler 1996, Hokka 1997, 

Fang and Bailey 1998) and vegetation growth prediction modelling (Eerikainen 2002, Nebel et al 

2001). Although height is the most common parameter to be associated with diameter in producing 

prediction curves, dimensional relationships between DBH and other structural variables such as 

crown width and length have also been reported (Hasenauer 1997). As it is an established practice, 

relationships between DBH and various other structural parameter measured on the ground were 

defined here for use in the simulations.

Given that the vegetation in Nam Cat Tien constitutes a tropical environment of natural forest that 

is multi-storeyed with a diverse number of species present, it would seem inappropriate to populate 

a simulated scene of this forest with trees of a single size. Ideally, a distribution of tree size over 

a given area needs to be represented. The type of distribution for use was derived from analysis 

of previous studies carried out in the Park and corroborated through examination of the collected 

ground data.

A number of vegetation studies have already been carried out at Cat Tien wherein measurements of 

DBH for trees within vegetation plots exist. Vandekerkhove et al (1993) carried out an inventory 

of forest structure in Nam Cat Tien using vegetation plots laid out across different cover types 

and found distributions of tree DBH to be log-normal in all cases. Likewise, Blanc et al (2000) 

collected data on tree DBH in five vegetation plots and found the distributions to be log-normal. 

Assuming a log-normal distribution then, the DBH measurements collected for this study were 

analysed and indicators of normality tested.

A variable is said to have a log-normal distribution if the logarithm of the variable is normally 

distributed. A log-normal distribution can often be identified simply by its shape as it is character

istically skewed to the right. Since logged data should be normally distributed the use of statistics 

such as skewness and kurtosis (with characteristic values for normal distributions) can be applied 

to further test for the presence of a log-normal distribution.

Firstly though, the DBH distributions themselves for each vegetation plot (both raw and logged) 

were looked at. To facilitate comparisons across and between raw and log distributions, the data 

were first normalised using the z transform, as defined in Equation 5.17.

(5.17)cr

X is the mean of x  and cr is the standard deviation. This expresses the departure from the mean 

as a proportion of the standard deviation. The resulting distribution has a mean of 0 and a stan

dard deviation of 1, where positive z values indicate values greater than the mean of the set and
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negative z values correspond to values less than the mean. This allows both visual and statistical 

com parisons between logged and unlogged data.

Figure 5.19 shows the raw and logged distributions for an exam ple set of the ground plots as well 

as for all the DBH  measurements combined (Fig. 5.19(d)). It is quite clear that the majority of the 

plots show a characteristically skewed distribution for the raw data with the logged data providing 

a significantly more ‘norm al’ shape.
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Figure 5.19; Raw and logged z-transformed DBH distributions some o f the ground plots

An alternative means of visually comparing the distributions is provided in Figure 5.21. This 

shows a box and whiskers plot for z-transformed D BH  distributions for all the vegetation plots. A 

box and whiskers plot (sometimes called a five num ber summary) provides an immediate visual 

of the centre, spread and range of a distribution and consists o f the m edian, quartiles, minimum 

and m axim um  of a dataset. The layout of a box and whiskers plot and a key to interpretation is 

provided in Figure 5.20. A box and whiskers plot can be used to see quickly and easily whether the 

distribution is skewed, leptokurtic (peaked), platykurtic (flat) or subject to the presence of outliers.
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Interpretation:

Lower quartile Upper quarti le *------------ | t | ------------ * Leptokurtic
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Outli ers

Skewed Right

Figure 5.20: Layout of a box and whiskers plot and small guide to interpretation

Using the z-transformed data makes interpretation even easier, as it aligns the mean.

As seen in Figure 5.21, many of the distributions appear both skewed and subject to outliers. These 

effects are somewhat lessened by taking the logged data (z-transformed), although in many cases 

the distributions still appear skewed. This may be due to the small number of samples available for 

many of the vegetation plots^®. In the case of the combined DBH measurements (over all plots) 

the presence of outliers is noted.

To quantify the shape of the distributions seen above, two statistics were employed: skewness 

and kurtosis. These are third and fourth order statistics that are commonly used with reference to 

describing variable distributions. The former (Equation 5.18) provides a quantified measure for 

the lack of symmetry in a distribution. Kurtosis (Equation 5.19), on the other hand, is a measure 

of the combined weight of the tails of a distribution in relation to the rest of it and provides an 

indication of whether the distributions are peaked or flat.

Skewness = ZCxi -  ÿ)'
(N -  1)0-3

ÿ is the mean of y, cr the standard deviation and N  the number of data points.

(5.18)

ÿ is the mean of y, cr the standard deviation and N  the number of data points.

(5.19)

The advantage of using skewness and kurtosis for quantifying the shape of distributions is that 

they have known values if the data are normally distributed. In the case of a normal distribution, 

skewness is 0. Negative values of skewness indicate that the data are skewed to the left (with the 

left tail heavier than the right one), whereas positive values indicate data skewed to the right. For 

normal distributions kurtosis is 0. Negative values are indicative of leptokurtic distributions and

'°This is especially true for plots with a thick understorey where a majority of stems measured less than the 8cm 
needed for recording
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(a) Raw z-transformed data

(b) Logged z-transformed data

Figure 5.21: Box and whiskers plot for the z-transformed DBH measurements made on the ground, 
raw and logged
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positive values refer to platykurtic distributions.

Skewness and kurtosis were calculated for DBH distributions for each vegetation plot (as well as 

for all measurements combined), on the z-transform ed data, both raw and logged. The results are 

presented in Figure 5.22.

21,0

18.0

15.0

12.0

9.0

6.0

10

- 3 .0

Plots

(a) Skewness of z-transformed data (b) Kurtosis of z-transformed data

Figure 5.22: Skewness and Kurtosis of the z-transform ed DBH  m easurem ents made on the ground, 
raw and logged

In practically all cases the effect of logging the data reduces both the skewness and kurtosis of the 

distributions, thus displaying a higher resem blance to normality. Even in the logged distributions 

skewness and kurtosis are present to some degree, although this is m ost likely due to the fact that 

the num ber of samples in each case is comparatively low. For all the m easurem ents combined, 

logging the data reduces kurtosis from 12.6 to 0.4 and reduces skewness from 3.0 to 0.7. The 

near-zero values in both cases for the logged D BH  data implies that a log-normal distribution may 

be assumed for DBH and therefore in the modelling.

In the context of the scene modelling, to represent the range of DBH  values present in any given 

area, the distribution needed to be randomly sampled. Such sampling is intrinsically easier to do 

for a normal distribution and the driving variable for param eterising the scene for the simulations

described below was taken as the mean log DBH over a given area’’ , In DBH.  A range of accept

able In DfiT/values was obtained from the mean DBH  values {DBH)  collected from each plot on 

the ground. Scene simulations were then created for a slightly larger set than this, to include the

full extent of possible values (to allow inversion). The initial range o f DBH,  based on the ground 

survey, was 0.1 to 0.55m. However, preliminary results suggested that the higher end of this range 

was insufficient and it was therefore extended to 1.00m. This shortfall may be due to the effects 

of the War and other disturbances to the forest in the time between image and ground data acqui-

“ To avoid confusion: In DB/Yrefers to the mean value of \nDBH over a plot (as opposed to the log value of mean 
DBH over a plot).
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sition, which may have eliminated some of the biggest trees. It would therefore not be surprising

if the higher DBH classes were underrepresented in the ground survey.

In simulating the DBH distributions the standard deviation to use, crinOBĤ  required defining as 

well as the mean. The applicability of a single value to represent this was assessed through an

analysis of the ground data and more specifically, the relationship between In DBHand cr\aDBH 

over all plots. This relationship can be seen in Figure 5.23, together with the associated best fit 

line and correlation coefficient. Note that not all plots are represented in this graph. Plots where 

the number of samples fell below 10 were disregarded.

1.00

0 .8 0

0 .6 0

0.+0

0.20 -2.0- 2 . 5 - 1 . 5 -1.0
Mm d  InOBH

Figure 5.23: Relationship between InDBHand ctiĵ dbh^ot ground data

A measure for testing the statistical significance of this relationship is the Pearson’s Correlation 

Coefficient (r). The correlation coefficient describes the strength of association between two vari

ables and is a measure of the linear relation between two variables (Walford 1995).

Testing the significance of the correlation coefficient for values in between relies on the use of the 

t-statistic, t, as given in Equation 5.20. This is a probability test in reference to the t distribution.

t = r
n - 2

(5.20)

n is number of samples, r is the correlation coefficient and n - 2  is termed the degrees of freedom. 

The value of r derived from the relationship shown in Figure 5.23 was calculated as -0.35, with 

the number of observations being 15 and an associated t value of -1.37. Standard t-tables show 

that with a degrees of freedom of 13 as is the case here, the value for |f| at 1% significance level is 

3.01 and at 5% significance level is 2.16 (Walford 1995). The relationship was therefore shown as 

not significant^^.

As a result of this, the DBH distribution sampling for parameterising the scene was performed for

a range of In D5//(within the limits noted above) with a constant crinDB«across all DBH classes.

'^Actual probability associated with |r|=1.36 is 0.19.
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This was set at 0.597, equivalent to the mean (TinOBĤ OT all ground data. Further technical details 

of the distribution sampling are discussed in Section 5.5.3 on page 171 below.

5.5.2 Deriving Other Structural Parameters

Having established a scheme for sampling DBH, the means of deriving other structural parameters 

was then addressed. In all cases this revolved around parameterised relationships with In DBH

so that a single input value (\nDBH) could be used to simulate an entire scene. Ideally, inter

relationships between structural parameters should have been modelled for distinct tree species. 

However, in the tropical environment of Cat Tien there were many problems associated with this. 

The first was that it was often difficult to find the dominant species in a given area and in fact, was 

extremely difficult to consistently discern all individual species on the ground. In addition, the 

number of species was often very high and parameterising a relationship for each species would 

have not only been difficult and time-consuming, but would have also inevitably suffered from 

a very small number of samples given the limited ground area covered. For these reasons, the 

relationships established and described below apply to the in situ data as a whole.

As previously stated, a geo-optical approach was taken in the scene modelling. Trees were defined 

as ‘lollipops’, i.e. simple ellipsoids on sticks. With regard to tree shape, the principal parameters 

of interest necessitating definition were crown diameter and tree height’ .̂ A first approximation

of the relationships between DBH and other tree shape parameters was performed using a simple 

linear regression. These are shown in Figure 5.24, incorporating ground measurements taken over 

all plots. Note that the crown diameter values refer to a mean of 3 sample measurements for each 

tree.

It is clear from Figure 5.24 that the relationship between crown diameter and DBH is stronger 

than the one with tree height, which is unusual given that the literature suggests a relationship 

between DBH and tree height is more commonly used. In both cases there appears to be a lot of 

scatter in the relationships, particularly for the tree height measurements although this may be due 

to inaccuracies introduced through the measurement procedure on the ground.

The use of a simple linear regression model for parameterising a scene is possible, although it 

takes no account of the inherent variance in the data. In the case of tree height in particular, this 

can be seen to be particularly severe. A means of incorporating variance into the relationship was 

therefore sought. This was done in a similar manner to the DBH sampling discussed above and 

revolved around the use of distribution sampling. The method was the same in both cases (crown 

diameter and tree height) and is described by the flow chart in Figure 5.25.

'^N.B. For simplification purposes, multi-diameter crowns were not considered in this study and the x and y diameters 
were set to a single value for each tree.
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Figure 5.24: Linear regression between driving variable D B H  and other tree structural parameters
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Figure 5.25: Flow chart for deriving a crown diam eter value for a single tree from an input mean 
DBH
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Using crown diameter as an example, the method is summarised as follows: firstly a random 

DBH sample, xdbh was obtained (as previously discussed). From the linear regression model 

established between DBH and crown diameter, an associated value was retrieved, Xcrown- This 

then acted as the mean value for a distribution of crown diameter values. The standard deviation 

of this distribution (cr,^) was characterised by the variance in the ground data unaccounted for by 

the linear relationship built between the parameters, i.e. from the sum of the squared errors in the 

y variable (crown diameter in this case) and the number of samples (Equation 5.21). The resulting 

distribution was then randomly sampled to establish the final dimensions of the crown. Repetition 

of these steps allowed for the building of a scene with multiple trees of varying sizes.

S S E y  — — l(yi yi) crinc — - \ j
S S E y

(5.21)

where SS Ey is the sum of the squared errors in the y variable, N  is the number of samples, y, is the 

actual value of y at the i^h position, y is the predicted value of y and crinc is the standard deviation 

of the simulated distribution.

To simplify the distribution sampling, a normal distribution was required. To test for normality, 

the distributions of tree heights and crown diameters were examined with the same methods as 

described above for DBH and results summarised below. Distributions of z-transformed data were 

visually inspected using the box and whiskers plots shown in Figure 5.26.

(a) Crown Diameter (b) Tree Height

Figure 5.26: Box and Whiskers plot for the z-transformed crown diameter and tree height in situ 
measurements

Both parameters display some skewness, particularly the tree height distributions, although this 

may be due to the more limited number of samples available (where the top of the tree was not 

visible and could therefore not be measured). Skewness and kurtosis were also calculated for these 

data, both raw and logged. Results can be seen in Figure 5.27, which show that logging the data
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greatly reduces both skewness and kurtosis in both parameters.
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Figure 5.27: Skewness and Kurtosis for the z-transform ed crown diam eter and tree height in situ 
measurements

Given these results, a log-normal distribution was assum ed for both crown diam eters and tree 

heights. As such, a reconsideration of the linear relationships established in Figure 5.24 was 

made, using logged data over all ground plots. The resulting correlations are displayed in Figure 

5.28 below and associated statistics such as r  and cr„,^ found in Table 5.6.

Tree Param eter r N um ber of Samples S S E y ^  inc
Crown Diam eter 0.75 357 49.70 0.37

Tree Height 0.51 288 109.27 0.62

Table 5.6: Linear regression statistics for relationships between In DBHand  tree structural param 
eters

The relationships were, in each case, strengthened in terms of the correlation coefficient. The 

inherent variance was also reduced, with a sm aller spread of points around the regression line.

Given these new log statistics, individual trees could be derived using the initial In DBHsample,  

the linear regression models for crown diameter and tree height and a means for random ly sampling
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Figure 5.28: Linear regression between logged variables D BH ,  crown diam eter and tree height

normal distributions. Use of the form er two of these has been outlined above; a brief description 

of how the latter was achieved therefore follows.

5.5.3 Sam pling Normal Distributions

Given a known mean and standard deviation, the normal distribution can be simulated using

1 -(X -
exp (5.22)

cr ^ 2cr^

where x  is the mean and cr the standard deviation. Sam pling such a distribution relied on the 

use of a random number generator and the cumulative frequency curve o f a Gaussian. It should 

be noted that original processing used a simple inverse Gaussian function to extract x samples. 

However, it was then found that although the two methods of sampling produced the same first, 

second and third order statistics, results of fourth order statistics (such as kurtosis) varied. In 

addition, sampling with the use of a simple inverse function produced a significant gap in samples 

at the mean, whereas the use of a cumulative function produced a histogram  alm ost identical to a 

brute force sampling method. Therefore, the cumulative function was used in preference over the 

inverse function.

Note that all random numbers were generated using standard c functions rcmd() and srand(), which 

are multiplicative congruential random number generators that com pute a sequence of pseudo

random numbers, which are then normalised to range between 0 and 1. As pseudo-random number 

generators, they do not produce an infinite series o f statistically independent random numbers uni

formly distributed between 0 and 1. However, they do generate a sequence of numbers that passes 

almost any statistical test used to distinguish random num ber sequences from  those containing
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some pattern or internal order and were therefore deemed sufficient for their intended purpose 

herein, i.e. to randomly sample DBH, crown diameter and tree height distributions.

5.5.4 M ultivariate Relationships

The exploration of the ground data thus far has been limited to an analysis of univariate relation

ships between the driving variable, DBH and other structural variables (crown diameter and tree 

height). It was acknowledged that independent relationships between crown diameter and tree 

height may have existed, which would have to be accounted for. A linear regression between 

these two parameters revealed a correlation coefficient of r= 0 .6 8 , which was significant at 1% 

significance level for both 1 and 2 tailed tests.

The following question was therefore asked: ‘did the linear relationships between DBH and crown 

diameter/tree height incorporate the independently observed correlation between the latter two 

variables’? This was tested using randomly sampled DBH values. Corresponding crown diameter 

values were derived using the appropriate regression model. Both of these were then used to pro

duce separate estimates of tree height using the independent regression models (DBH-tree height 

and crown diameter-tree height). Comparisons of the estimated tree heights are shown in Table

5.7.

D erive estim cte  o f  
crow n d iam eter

(CDpjuf)
th rough  lin ea r 
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R andom  D B H  sam ple
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C om pare estim ates

t D n . "  C ro w n  D iam eter

D erive estim ate  o f  tree h e ig h t 
from  lin ea r reg ression  

m odel bu ilt w ith  crow n  d iam eter

Figure 5.29: Does the linear relationship between DBH and crown diameter/tree height incorporate 
the independently observed correlation between the latter two?

Results show that the differences between the two estimates in all cases are low, with a maximum 

difference of 1.55m where the average tree height is approximately 12m. The variance for the set 

of tree height ground measurements lies above 1.55m (for unlogged data), which implies that any
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Sample
No.

Tree Height from Regression Models Difference

DBH Crown
Diameter

0 13.72 14.42 0.70
1 11.90 11.85 0.05
2 10.08 9.28 0.80
3 8.27 6.72 1.55
4 14.76 15.88 1.12
5 12.94 13.31 0.38
6 11.12 10.75 0.37
7 9.30 8.18 1.12
8 15.79 17.34 1.55
9 13.98 14.78 0.80
10 12.16 12.21 0.05
11 10.34 9.64 0.69
12 8.52 7.08 1.44
13 15.01 16.24 1.23
14 13.19 13.67 0.48
15 11.38 11.11 0.27
16 9.56 8.54 1.02
17 16.05 17.70 1.66
18 14.23 15.14 0.91
19 12.41 12.57 0.16
20 10.59 10.00 0.59
21 8.78 7.44 1.34
22 15.27 16.60 1.33
23 13.45 14.03 0.59
24 11.63 11.47 0.16

Table 5.7: Difference between estimates of tree height derived from DBH and crown diameter 
values and linear regression models



CHAPTER 5. METHOD DEVELOPMENT AND UNDERSTANDING 174

difference incurred can be accounted for by the incorporation of the variance as described above 

and the multivariate relationships do not need further consideration.

5.5.5 Parameterising Tree Density

The driving variable In DBHv/as  also used to calculate the num ber o f trees to place in any given 

scene (in units o f density per m^). An examination of the ground data revealed a negative relation

ship between D B H  and tree density over all plots (Figure 5.30).

Mean In DBH

Figure 5.30: Relationship between I n D B H m d  tree density: r=-0.70

If the relationship were to be characterised using a simple linear model then it is clear that beyond a

given In DBH,  the density would become negative. Therefore, to prevent the presence of negative 

density values in sampling, an exponential function was used to describe the relationship'"^ so that

y = a exp bx (5.23)

where y refers to tree density, % is In DBH^nd a and b are constants. Considering Equation 5.23, it 

can be said that

In y -  \n a + bx (5.24)

As this is linear, the values of a and b can easily be found, using a linear regression on In DBHdiwd 

ln(Tree density). The resulting relationship has a slightly lower correlation coefficient (r=-0.59) 

and is described by the model y = -1.23% -  4.85. a and b can therefore be assigned values of

''‘Since simulations were not considered for D B H  <0.1 m, the fact that the curve does not cross the y-axis was not 
deemed important for this study.
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-4.85 and -1.23 respectively and a formula for deriving density in the form of Equation 5.23 can 

be stated as

Density = (5.25)

where Density is expressed in trees per m^.

5.5.6 Tree Placement

Given a DBH distribution and all associated stmctural parameters needed to define a modelled 

object (tree), all that remained was a means of placing the objects in the scene. On the ground, 

it was difficult to discern whether there were any obvious patterns is tree location or whether it 

was random. A visual assessment on the ground suggested that there was no significant clumping 

within any given vertical layer of the canopy, although overlapping due to a multi-storeyed canopy 

was certainly observed. Plotting the x and y co-ordinates of each tree within any given plot lent 

further evidence to the visual assessment in concluding that the spatial distribution of trees was 

random (Figure 5.31).

0.0 5.0 10D 15.0 0.0 5.0 10.0 15.0 0-0 5-Û 10.0 15.0 0.0 5.0 10JD 15.0
% (m) X (m ) * (fTi) X (m)

(a) plot 14 (b) plot 8 (c) plot 9 (d) plot 13

Figure 5.31: Spatial distribution of trees in four ground plots of varying density

A series of spatial statistics was also performed on the ground measurements to objectively assess 

the tree spatial distribution. Spatial distributions are often described by one of three categories: 

clustered, regular or random. Spatial statistics are designed to determine which of the three best 

describe the data. There are various measures that can be used, depending on whether the data 

comprise a set of points, lines or areas. In this case the data in question are tree location, i.e. a 

series of points.

A commonly applied descriptive statistic is the mean centre (%,ÿ), which is calculated simply as if 

the X and y co-ordinates were numerical variables,
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n n
(5.26)

where n is the number of samples. The mean centres of all the ground plots are shown in Figure

5.32 and Table 5.8. As can be seen, they all fall within a 2m radius of the centre of the plot (7.5,15).

3 0 .0

20.0

+ mean centre

10.0  -

5 .0  1 0 .0  1 5 .0
X (m )

Figure 5.32: Mean centres of all ground plots

A measure of standard distance {Sd), the spatial equivalent of standard deviation, was also calcu

lated. This measures the dispersion around the mean centre and is calculated according to Equation 

5.27.

Sd = (5.27)
n n

where n is number of samples, jc and y are the co-ordinates and % and ÿ the associated means. 

Standard distances were calculated for each plot, in data units (m) and are summarised in Table

5.8. A large standard distance implies that the data points are spread out.

The Sd can be seen to vary between 6.15m and 11.18m. The mean Sdis  9.42m which, given the 

size of an individual plot, is indicative of a fairly high level of dispersion. An exception is Plot 

19, which has a low Sd of 6.15m. This can be explained by the fact that Plot 19 consisted of 

a ‘small island’ of dry land, with flooding all around and a dominant ground cover of inundated 

grass. There were a few short, flood-resistant trees (7), which appear as a cluster on the slightly 

higher ground where the soil is most dry.

In addition to these two descriptive statistics, inferential statistical tests were calculated as a further 

examination of the spatial distributions. These are similar to standard hypothesis testing and assess 

whether the difference between the expected random distribution and the measured distribution is 

large enough to be unattributable to chance. Two main types of hypothesis testing exist for the
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Ground Plot Mean Centres Sd (m)
X y

3 6.35 14.74 10.07
7 7.75 15.70 10.40
8 6.90 13.85 9.34
9 6.55 14.09 10.54
II 6.80 13.10 9.80
12 7.46 15.47 9.74
13 8.05 12.39 9.69
14 6.99 12.73 10.30
15 6.01 13.80 11.18
16 5.88 12.40 9.27
17 5.73 11.80 8.32
18 8.38 15.85 10.27
19 9.24 10.93 6.14
20 7.22 13.38 7.02
22 7.43 11.61 9.22

Table 5.8: Mean centres and standard distances for all ground plots

analysis of point datasets: quadrat and nearest-neighbour analysis. They essentially test for the 

same thing and as such, only the former was undertaken here.

Quadrat analysis comprises the overlaying of a grid on to the area in question, counting the number 

of points in each square, using this to produce a frequency distribution and then comparing the 

results to a Poisson distribution. If the two can be said to be approximately equal, the distribution 

can be attributed to a random process. It uses a statistical test known as the variance-mean ration 

(VMR), which relies upon the fact that for a Poisson distribution, the mean and variance cr̂  

are numerically equal (Walford 1995). The mean is estimated simply as // = n/g, where n is 

the number of points and g the number of grid squares. It is a fixed value, regardless of the 

spatial distribution present, meaning that variations in the value of cr  ̂ account for the differences 

in distribution. The cr  ̂ is calculated as

n -  I 4Y n1-1
(5.28)

where n is total number of points, N  is the maximum number of points in any one grid square, X is 

the number of points in a given grid square and /  is the frequency of grid squares with X number 

of points. The null hypothesis is taken as // = cr ,̂ i.e. it is a random process dictating the spatial 

distribution. It can be tested using the%^ statistic, which is calculated as

x^  = ( g -  1)VMR (5,29)

where g is the number of grid squares and VMR is calculated as cr^/p. The test is a non-
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parametric test commonly used for datasets comprising frequency counts. Similar to the t-distribution 

previously encountered, the shape of the distribution is reliant on the number of samples (de

grees of freedom), approaching normal distribution when the degrees of freedom value is large. 

The value obtained from a%^ test can also be tested for significance using standard tables, which 

describe the probability of obtaining a%2 value for any given number of degrees of freedom. Table 

5.9 shows the //, cr̂  and%^ statistic obtained for each plot.

p cr̂
0.53 0.25 25.73
0.64 0.75 63.75
0.18 0.18 52.80
0.84 0.56 36.21
1.15 1.28 60.40
0.16 0.50 165.00
0.36 0.24 35.56
0.71 0.60 45.94
0.13 0.29 121.23
0.36 0.91 134.43
0.24 0.23 52.72
0.80 0.97 65.36
0.78 0.65 44.67
0.64 0.50 42.36
0.45 0.44 52.67

Table 5.9: Mean, variance and associated statistics for each ground plot

As seen, the critical value taken from a standard table (Walford 1995) for 54 degrees of 

freedom, at a significance level of 0.05 (5% probability of the relationship occurring by chance) 

is 73.294. If the obtained value is equal to or larger than the critical value, then it can be 

said that the spatial distribution of trees in the plot is not random. However, as shown in Table

5.9, 12 out of 15 plots show a%^ value less than the critical one. It can therefore be assumed 

that the spatial distribution of trees in the ground data is random. It should be noted that a large 

proportion of the understorey was not recorded due to its having a DBH<8cm. It is not known 

whether this would have an effect on the statistical tests described. Similarly, the data were taken 

from a number of small ground plots (15x30m) and there was therefore no spatial consideration 

taken over large areas, for which the results of the limited statistical tests may not hold. For the 

purposes of this study though, the spatial distribution of trees within ground plots was taken to be 

random. The placement of trees within simulated scenes was therefore also random. The simplest 

means of achieving this was to use a simple random number generator to place trunks within a 

scene, although this inevitably lead to a large proportion of overlapping crowns. A tree placing 

algorithm was therefore developed to randomly place trees throughout a scene, whilst minimising 

the amount of overlap amongst tree crowns. This algorithm is outlined below. The first step was
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to fully sample the given DBH distribution, generating a series of trees with associated structural 

parameters, until the pre-defined density fulfilled. There was an identified need to generate all the 

trees before placing any of them because the acceptance/rejection of any proposed position for an 

individual tree was dependent upon its fulfillment of an overlapping criterion. If each new position 

is proposed alongside a new sample from the distribution, the algorithm will be necessarily biased 

against big trees. Once all the trees were generated then, they were sorted by size. This allowed 

the biggest trees to be placed first, as it was easier for the smaller trees to fulfill overlapping criteria 

when the scene became densely populated. The trees were then randomly placed according to the 

overlapping criteria. A candidate x and y position for the tree in question was randomly generated 

using a pseudo random number generator. The distance from the candidate x,y position to all 

surrounding trees (already placed) was then calculated. Given the known crown dimensions of 

the tree in question and all its neighbours, the candidate position was then accepted or rejected 

depending on whether the tree overlapped with any others in its immediate vicinity (Figure 5.33).

Tree BN

Tree A ' ' '

D < rA ■*■ rB D < rA + rB
REJECT ACCEPT

Figure 5.33: Acceptance/rejection algorithm for overlapping trees

If the candidate position is rejected, new x and y values are generated and tested for acceptability. 

If any single tree is continuously rejected beyond a given threshold (100), an allowable small 

proportion of overlap between neighbouring crowns is introduced. This proportion increases with 

each new passing of the threshold (by any single tree) until a full overlap is allowed and the tree is 

placed at the next randomly generated position. Once a given tree has been placed, the proportion 

of allowable overlap is once again set to zero. The positions of trees placed over an area equivalent 

to the size of the ground plots can be visualised for varying tree densities in Figure 5.34 and can 

be seen to be similar in pattern and density to the in situ measurements.

5.6 Scene Rendering

Given a means of parameterising a scene and defining objects for placement within it, the actual 

scene rendering was undertaken.
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(a)
Density=0.012/m^
(D B H = 0 .1 0 m )

(b)
Density=0.018/m^
(D B H = 0 .5 0 m )

(c)
Density=0.043/m^
(D B H = 0 .2 5 m )

(d)
Density=0.132/m^
(D M =0.10m )

Figure 5.34: Simulated distribution of trees over a 15x30m area for varying densities

5.6.1 Technical Details

The actual scenes themselves were rendered using DRAT (aDvanced Radiometric rAy Tracer), a 

monte carlo ray tracer (Lewis 1996, Lewis 1999b, Lewis 2002). It works by tracing a sample 

set of electromagnetic waves from a source of energy to a sensing element, via interactions with 

scattering and absorbing elements (in this case trees) and simulates the radiance given the viewing 

and illumination configurations and the reflectance properties of a surface. It should be noted 

that the nature of the trees modelled (simple shapes) means that the simulations do not have to 

be performed by such a sophisticated piece of software as a monte carlo ray tracer. It was used 

here because the tools were available and were quick and easy to implement. However, alternative 

simpler means of simulating the scenes, such as z-butfering, could equally be used (Foley et al. 

1992).

Given the specifics of individual tree dimensions (from above), trees were modelled using simple 

shapes in accordance with a geo-optical approach and essentially constituted ellipsoids on sticks. 

These were randomly placed upon a flat plane, i.e. topographic effects were not simulated since 

the data had previously been detrended. Future studies could potentially incorporate the effects of 

local slope and aspect in the simulations, which would be particularly beneficial in cases where 

the viewing and illumination geometry are known. Given the lack of information on the sun and 

acquisition angles for the air-photos over Cat Tien, the images were arbitrarily simulated from a 

nadir view angle. The further assumption of a bi-modal model (sunlit crown and sunlit ground) 

meant there was no need for the modelling to take account of shadowing effects and so the sun was 

also simulated at nadir. Shading of the crown itself on the other hand, was included. Whereas the 

simulated ground reflectance was kept binary (0  or 1), the crown reflectance allowed for variations 

across a single crown, in this case described as Lambertian shading. A Lambertian shading on
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the top of the crowns was thought applicable given the simplistic nature of these simulations. 

Future investigations could further explore the applicability of a Lam bertian shading through more 

sophisticated modelling such as the DART simulations described by Bruniquel-Pinel and Gastellu-

Etchegorry (1998). A visualisation of a modelled scene with a D B H  o f 50cm can be seen in Figure 

5.35. The trees can be seen to be ellipsoids (although they would appear spherical in an aerial view) 

and include a wide size distribution.

Figure 5.35: Visualisation of a simulated scene with D B H  o f 50cm.

Despite the use of these simple shapes and reflectance surfaces, the use of numerical scene model 

simulations such as those performed by DRAT provides more flexibility in simulating variations in 

experimental conditions than simple analytical models and was therefore considered advantageous 

for this study. The forest parameter extraction method developed herein concentrates on locally 

varying spatial characteristics (using local variograms). Any individual simulation need therefore 

only be the size of the local window of interest. From  previous experim ents described in Section 

5.2, the optimal window size was determ ined to be 91x91 pixels. A t a resolution of 1.06m, this 

meant simulating a series of image windows of 97x97m. The random  tree placement, combined 

with the local extent o f the simulations means that, for any large region characterised by a given

D B H  and density, there may exist multiple realisations of the canopy size and spatial distribution 

over a localised area. To account for this variability, 100 separate realisations of local windows

were simulated for each D B H  class considered.

5.6.2 Scene Simulations

Figure 5.36 shows examples of single realisations for scene sim ulations o f varying DBH.  The

variations between different D B H  sizes is clear to see. Variations within a single D B H  class (over 

multiple realisations) is more subtle, but still evident as shown by Figure 5.37. The average tree
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(a) DBH = 10cm (b) DBH -  30cm (c) DBH = 60cm (d) DBH = 90cm

Figure 5.36: Single realisations for scene sim ulations of varying D B H

(a) (b) II (c) III (d) IV

Figure 5.37: M ultiple realisations for scene sim ulations o f D B H  = 50cm

size can clearly be seen to increase with increasing input DBH,  although a distribution in size is 

evident in all cases and the spatial distribution varies within each individual realisation. It has been 

noted that none of the sim ulations provides a scene with 100% tree cover (the ground is always 

visible to some extent), even though such a situation may be encountered in the field. It is therefore 

acknowledged that future studies should include an exploration into the incorporation of an under

storey or some form of ground cover (although this may require further ground m easurem ents for 

full characterisation).

Using simulations over extended areas (500x500 pixels'^), param eters associated with individual

trees were extracted and the results exam ined as a function of DB H,  to confirm that the tree 

parameters maintained their defined relationship to the driving variable, as well as to explore the 

variance effects introduced through the use of local windows. For the three tree shape parameters 

of interest (DBH, crown diam eter and tree height), values associated with individual trees within 

the simulations were extracted and used to build distributions. These were plotted as a function of

increasing D B H  and can be seen in Figure 5.38.

The three parameters display the expected log-normal distributions. As D B H  increases the distri

butions (in all cases) change shape, becoming shorter and longer; the mean shifts to the right, the

‘̂ 530x530m.
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I

(a) DBH (b) Crown Diameter

(c) Tree Height

Figure 5.38: Logged tree parameter distributions for varying DBH



CHAPTERS. METHOD DEVELOPMENT AND UNDERSTANDING 184

standard deviation remains the same and the frequencies decrease^^. The former is explained by a

general increase in the parameters caused by an increased DBH. The latter occurs because of the

inverse relationship between DBH and tree density, so the number of trees in the scene decreases 

as the trees get larger.

5.6.3 Local Window Effects on Variance

It has already been noted that the use of local windows may introduce some variability in the 

spatial distribution of trees, as seen in the multiple realisations shown in Figure 5.37. The further 

question of how much variability is also introduced into the structural parameters of interest is 

addressed here. The parameters of interest for these experiments were chosen in accordance with 

the literature (Levesque and King 1999, Levesque and King 2003) and consisted of: forest canopy 

closure (% crown cover), tree density, crown size and tree height^^.

A large scene (500x500 pixels) was again used to confirm that the relationships defined using the 

ground statistics were maintained over extended areas. Local window extracts of varying size from 

this scene were then used to examine the effects on variance in the parameters. Over the large 

scene, the relationships behaved as expected. In all cases the standard deviation was unvarying

with changes in DBH. In the case of DBH, input DBH and retrieved DBH follow a 1 to 1 line 

almost exactly. With regard to tree density, the differences between the defined relationship and 

that retrieved from the simulations are minimal. Mean crown diameter and tree height similarly

follow the defined relationship to DBH, which corresponds to the regression line in the ground data 

and can be seen in Figure 5.39. One standard deviation in each case incorporates approximately 

6 8 % of the variation seen in the ground measurements.

Canopy closure (% crown cover) is not defined in the parameterisation of the scene, although is 

likely to be a forest parameter of interest for mapping purposes. Using the large scenes it can be

seen that changes in % cover across varying DBH  are minimal: on the order of 12%. Neither are 

these changes smooth (Figure 5.40). Most surprisingly though, is that the % forest cover appears

to decrease with increasing DBH. This is due to the lower density of trees associated with higher

DBH values and may be modified in future studies through the incorporation of an understorey for 

canopies dominated by large trees.

To determine whether the nature of these relationships varied when considering multiple realisa

tions of smaller windows and to assess the variance introduced by simulating smaller and smaller

'^This is true for the log-distributions shown here. For unlogged distributions, the standard deviation increases with 
increasing DBH  due to the skewness of the distribution when plotted in linear space.

'’Two further parameters used by Levesque and King (2003) include crown closure and stress index. These were not 
considered in this study, the former being encompassed within the definition of canopy closure and the latter not being 
relevant.
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Ground Moaiurooonts •

-ti / i p

(a) Crown Diameter (b) Tree Height

Figure 5.39: Defined and retrieved relationship between D B H  and structural param eters, together 
with ground measurements

75.0

S-70.0

65.0

60.00.0 20.( 40.0 60.0 100.0

DBH (cm)

Figure 5.40: The retrieved relationship between D B H  and % cover for simulations over large areas
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windows, the following experiment was conducted. A series of local neighbourhoods (realisa

tions) were extracted from the simulated ‘large’ scene. These varied in size from  400x400 pixels 

to 60x60 pixels'^. From each window, mean tree param eters (e.g. mean tree height and mean 

crown diameter) were extracted along with an estim ate o f % crown cover. The variance in these 

mean parameters over the full set of individual realisations for any single window size was then 

examined and any increase in variance attributable to the varying window size noted.

Figure 5.41 shows the defined relationships between D B H  and tree param eters, with the variance 

(± 1 standard deviation) associated with the set o f realisations of size 400x400 pixels and 60x60 

pixels.

I

s

(a) Mean Tree Density (b) Mean Crown Diameter

I
5t

(c) Mean Tree Height (d) Mean % Crown Cover

Figure 5.41: Variance in the relationships between D B H  and forest param eters introduced as a 
result o f using local window simulations

The general trend for all the parameters is the same: the sm aller the window size, the larger the

^N.B. there were obviously more instances available for examination at the smaller window sizes.
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variance in mean retrieved parameters. In the case of crown diameter and tree density and height, 

the variance is minimal and the difference between window sizes small. In the case of % cover 

though, the variance is significant, particularly at very small window sizes. At the desired operating 

window size (91x91) there is some associated variance in the retrieval of all the parameters, the 

degree of which is particularly high for estimates of % cover. The presence of this variance implies 

a need for the consideration of multiple realisations in simulations of local neighbourhoods. This

is particularly so for estimates of % cover, which vary significantly for any single DBH class. This 

need is further highlighted in Section 5.7.2, where the effects of multiple realisations in the context 

of associated variograms is demonstrated.

5.7 Variogram Component Modelling

The preceding section has discussed the parameterisation of the scene. Given the simulations as 

noted above, the means of then using them to extract forest parameters from the imagery relied 

on the use of local textural information and a method of ‘variogram component modelling’. This 

forms the focus of the following sections.

5.7.1 Component Variograms

Semi variance as a function of lag distance describes the variogram of a scene and is calculated as

1 i=̂ h
y(/z) = (zixj) -  z(xi + h)Ÿ (5.30)

where h is lag distance, z is the image DN at location x and N  is the total number of samples for 

lag h.

For a bi-modal forest model, where the scene (S) is composed of two classes of elements only 

(crown and ground), a first consideration was given to the ‘flat’ or ‘binary’ case, where elements 

are assumed to have constant brightness, i.e. no Lambertian shading on the crowns, as seen in 

Figure 5.42.

In this case, the scene can be described by

S = p , I - ^ p ^ ( l - I )  (5.31)

where I is a spatial indicator function, with a value of 1 for tree crown pixels (of brightness pc) 

and 0 elsewhere, (1 -  I) represents the inverse of I, being ‘ground’ pixels of brightness .

^N.B. Given that the data comprise a set of air-photos digitized from negative prints, it should be noted that when
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Figure 5.42: The ‘flat’ model of a scene, with two classes of elem ents o f constant brightness

Following this method of annotation, the more general case where the brightness of scene elements 

need not necessarily be constant may be considered as

S ' = p ,P c + P g P g  (5.32)

where Pc is a spatially-varying function over the crown pixels (?c = Ipc), Pg is a spatially-varying 

function over ground pixels (Pg = (1 -  I)pc) and Pc and pg refer to perturbation functions express

ing a multiplicative departure from the ‘flat’ case.

With regard to the simulated scenes discussed above, the perturbation function pc in Equation

5.32 is used to describe the Lambertian shading on the crowns. The nature of this, and other 

perturbations, is further discussed in Section 5.8.2 below.

The variogram for the scene S ' can be defined as

ys'(h) = p]a{h)  + p^bih)  -t- pcpgC(h) (5.33)

where a(h) and b(h) are the variograms of the crown and ground perturbations and c{h) is the 

covariogram o f these. The a{h), b(h) and c{h) com prise a set o f so-called ‘com ponent variogram s’ 

for a scene and they describe the spatial interactions between the crown and ground scene elements.

Alternatively, considering semivariance as defined in Equation 5.30, the com ponent variograms 

can be shown to arise from a combination of terms when calculating semivariance for com par

isons between samples of the same element and for those across samples of differing elements. 

Definition of the intra-crown com parisons is given in Equation 5.34.

referring to brightness terms pc and pg, this does not mean the ‘real’ reflectance. Rather, it refers to the brightness 
associated with the digitized image, which will be subject to a number of distortions away from the actual reflectance 
of the object on the ground (see Section 3.3.3 in Chapter 4).
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7cc(h) = y.(Pc^c -PcxhcŸ
(5.34)

-  ^  -  x h c f )

where pc is the crown brightness, Xc refers to a crown pixel at location x  and xhc to a crown pixel at 

location x+h. Inter-comparisons between the crown and ground are calculated slightly differently:

Tcgih) -  '^(PcXc -pgXhgŸ
(5.35)

= 2Â  ̂X I “  '^PcPgXcxhg)

where rhog refers to the ground brightness and xhg refers to a ground pixel at location x + h. A 

combination of the terms found in Equations 5.34 and 5.35 leads to the same expression of the 

scene variogram as that found in Equation 5.33.

5.7.2 Contrast Component Variograms

It has been suggested in the literature that the shape of the scene variogram and in particular the 

location of the range, is influenced by the reflectances of scene elements and the differences in 

reflectance amongst them (Bruniquel-Pinel and Gastellu-Etchegorry 1998). To enable a further 

exploration into this hypothesis, a contrast term k was introduced, where k = pc~Pg and Equation

5.33 rearranged as

y(h) = p]AQi) + k^B{h) -  kpcC{h) (5.36)

where A{h) = a{h) + b{h) + c(h), BQi) = b{h) and C{h) = c(h) + 2b(h).

An alternative contrast term, k' was defined as 1 -  ^  and semivariance again expressed in terms 

of component variograms,

y(h) = A(h) + k'^B(h) -  k'C(h) (5.37)

In both cases, the component variograms A(h), B{h) and C{h) remain the same. A preliminary sen

sitivity analysis was conducted where these contrast component variograms were calculated for a 

series of simulated scenes to examine their behaviour under changing scene specifications. Figure

5.43 shows a set of directional component variograms (N-S) calculated for scenes of varying DBH 

over a window size of 91x91 pixels.
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Figure 5.43: Directional A{h), B{h) and C{h) component variograms for scenes of varying DBH
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The shape of the component variograms can be seen to vary both am ongst each other, as well as

with DBH.  The variogram sill differs between components as does the range. As a function of

increasing D B H  though, the sill remains fairly consistent and only the range appears to vary. 

Multiple Realisations

For any large area characterised by a given tree size and density distribution, there may exist 

multiple realisations at a local scale, as previously demonstrated. The effect o f this variation on the 

shape of the scene variogram must therefore be considered. Figures 5.44 and 5.45 show directional

component variograms (N-S) for multiple instances of D B H  -  10cm and D B H  = 90cm.

;
I

(a) A(h) (b) B{h)

'Vx '

(C) C(/z)

Figure 5.44: Directional A{h), B(h) and C{h) com ponent variogram s for m ultiple realisations of 
DB H=iOcm

In both cases individual instances can be seen to differ in shape, principally in terms of high 

frequency variations beyond the range. The range itself (retrieved fitting an exponential model) 

is also variable across multiple realisations, as can be seen in Table 5.10. Despite the order of
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(a) A(h) (b) B(h)

(c)C(A)

Figure 5.45: Directional A{h), B{h) and C{h) component variograms for multiple realisations of 
DBH=90cm
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this difference being small in many cases (except for component C where it is mostly high), the 

fact that these variations exist highlights the need for a consideration of multiple realisations for 

accurate inversion.

DBH Range: A(h) Range: B(h) Range: C(h)
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

10 2.47 0.15 4.51 0.33 8.54 2.78
15 3.01 0 .22 5.77 0.55 10.33 4.37
20 3.53 0.26 6.80 0.75 12.54 5.76
25 4.04 0.41 7.71 0.83 14.53 11.04
30 4.48 0.52 8.75 1.11 16.66 7.67
35 4.75 0.45 9.43 1.56 18.40 12.24
40 5.10 0.61 10.52 1.50 18.41 10.36
45 5.34 0.80 10.88 1.45 19.97 13.24
50 5.66 0.69 11.69 1.90 24.73 15.13
55 6 .00 0.85 12.30 1.98 21.72 16.45
60 6.27 0.92 12.88 2 2 2 22.60 17.03
65 6.42 0.84 13.72 2.76 23.52 15.48
70 6.83 1.13 14.76 2.96 25.65 18.50
75 7.08 1.23 14.93 3.31 24.58 17.10
80 7.33 1.29 15.84 3.34 29.07 22.98
85 7.63 1.33 16.40 3.78 25.33 22.25
90 7.45 2.42 9.30 6 .20 14.50 14.45
95 7.23 3.28 6.96 7.92 9.78 18.00

Table 5.10: Mean and standard deviation of retrieved ranges from directional component vari
ograms calculated for a set of 100 multiple realisations of DBH

Mean component variograms over all instances at each DBH were also calculated. These maintain 

overall shape, although they lose the subtle high frequency oscillations that exist beyond the range 

for individual realisations. However, they proved useful in parameterising a relationship between

range and DBH as will be shown later, in Section 5.7.3.

Multiple realisations of individual % cover were also found (Figures 5.46 and 5.47), where varia

tions between individual instances were quite significant. In all cases, a wide range of DBH values 

were found within any given class of % cover.

Similarly, the range extracted from these multiple realisation variograms varied within single % 

cover classes. In each case, the number of realisations also varied (as simulations were driven by

DBH, not % cover). Table 5.11 shows the mean and standard deviation of the range extracted 

from multiple realisations at different levels of canopy cover. In each case the number of samples 

is also indicated. The variability in this dataset appears to be similar to that associated with the

larger DBH classes, although all samples fall between the levels of 50% and 80% i.e. there is a 

smaller range with which to build a parameterised relationship with variogram parameters.
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(a) A(/7) (b) g(/i)

(c) C(/,)

Figure 5.46: Directional A{h), B{h) and C{h) component variograms for m ultiple realisations of % 
cover=60.0%

% Cover Range: A(h) Range: B(h) Range: C(h) N° Samples
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

50 5.76 0.50 13.88 1.81 18.17 7.06 3
55 6.78 1.10 15.22 3.27 2 5 ^ 3 11.46 12
60 6.46 1.77 14.43 3.84 18.72 14.52 44
65 6.05 1.31 13.46 3.51 21.97 13.16 80
70 5.37 1.62 11.10 3 j # 19.18 16.31 135
75 4.73 2.44 9.00 5.00 13.47 12.46 76
80 8.20 0.06 16.26 6.85 2T38 7.53 2

Table 5.11: Mean and standard deviation of retrieved ranges from directional component vari
ograms calculated for sets o f multiple realisations of % cover
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(a) A(h) (b) B{h)

(c) C(A)

Figure 5.47: Directional A{h), B{h) and C{h) com ponent variograms for multiple realisations of % 
cover=75.5%
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Directional and Isotropic Component Variograms
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Variogram shape is often thought to be influenced by the direction in which semivariance is cal

culated. The differences in shape associated with the directionality of the variogram are known as 

‘anisotropy’ and are particularly strong in areas o f regularly spaced trees or where long shadows 

are present (St-Ônge and Cavayas 1995). To test the set o f simulated scenes for anisotropic effects, 

com ponent variograms were calculated over windows 91x91 pixels in size, in two directions (0° 

(N-S), 90° (E-W )) and compared to an isotropic variogram calculated over 4 directions (N-S,E-

W ,SW -NE,SE-NW ). Resulting trends were found to be sim ilar at all D B H  and are exemplified in

Figure 5.48, for DBH=40cm.
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Figure 5.48: Directional and Isotropic A(h), B(h)  and C(h) M ean Com ponent Variograms for 
DBH=40cm

The 0° and 90° variograms were found to differ only slightly in shape. This was thought to be 

due to the fact that the modelling did not incorporate shadowing, com bined with the fact that the 

crowns were modelled as spheres (aerially viewed) so differences in shape occur only where there
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is an overlap between adjacent trees biased in one particular direction. The isotropic variogram 

however, displayed more significant differences, principally in the form of changes in the sill 

(lower for A(h) and higher for B(h)). The C(h) variograms seemed similar at all angles with some 

variation beyond the range, including high frequency oscillations for the directional ones. The 

range was extracted from directional and isotropic component variograms using an exponential 

model (Table 5.12).

DBH Range: A(h) Range: B(h) Range: C(h)
0 ° 90° Isotropic 0 ° 90° Isotropic 0 ° 90° Isotropic

10 2.47 2.47 4.69 4.50 4.48 6.51 8.02 7.77 11.01
20 3.52 3.54 5.43 6.75 6.98 9.05 11.07 11.94 14.07
30 4.44 4.44 6.11 8.65 8.95 11.13 14.41 16.03 17.21
40 5.06 5.04 6.49 10.38 11.06 13.18 17.39 19.20 19.85
50 5.63 5.82 7.04 11.50 12.14 14.52 19.90 21.54 22.44
60 6.21 6 JC 7.38 12.66 13.81 15.93 20.21 20 .88 22.62
70 6.72 6.97 7.90 14.41 14.98 17.48 26.16 26.25 27.54
80 7.20 7.57 838 15.36 16.02 18.67 27.41 25.77 28.42
90 7.72 7.87 8.65 16.74 17.62 19.83 32.14 33.78 36.51

Table 5.12: Retrieved Ranges from Directional and Isotropic Mean Component Variograms

All components (A{h),B(h) and C(h)) displayed similar patterns. The difference between retrieved 

range for mean directional variograms at 0° and 90° was very small. Comparisons between re

trieved ranges for the isotropic and directional variograms showed larger differences, where the

isotropic variogram displayed a greater range at all DBH than either directional variograms. This 

result is surprising given that the directional variograms are very similar. It is difficult to imagine 

how the isotropic variogram may produce such different results when the directional variograms 

of opposite angles are virtually indistinguishable. The results suggest that there may be a problem 

with the variogram computation that requires further investigation.

5.7.3 Parameterising Relationships between Variogram and Tree Structure

DBH

The component variograms have been shown to vary with DBH, which may imply a change in 

their ranges. Using an authorised model (the exponential), the set of simulations can therefore be

used to build a parameterised relationship between the component variogram range and the DBH.

Given the tight relationships seen between DBH and crown diameter (and tree height) for the

scene simulations, an accurate retrieval of DBH from the variogram could be used for inferring 

further information on forest structure from real imagery^®. The use of scene models for these

^°The exception to this is % cover, which is dealt with separately later on in this Section.
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purposes has been previously employed in the literature (St-Ônge and Cavayas 1995), although 

the separation of the scene variogram into individual components has not.

Mean com ponent variograms were used in parameterising the relationship between range and

DBH,  as these more closely resembled the shape o f the exponential model (with few high fre

quency oscillations beyond the range). Figure 5.49 shows the param eterised relationship between

mean com ponent variogram range and DBH,  as built from the set o f simulations.
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Figure 5.49: Param eterised relationship between A{h),B{h) and C(h)  M ean Com ponent Variogram 
Range and D B H

The relationship can be seen to be approximately linear, although there is a variation between

components on the order of 25m at DBH=95cm  and 6m at DBH=[Ocm.  This was also found to 

be true when considering the a(h),b(h) and c{h) components (although the difference between a{h) 

and b{h) in this case was found to be minimal). Such variation could be thought to be attributable 

to errors in fitting, although in this case all RM SE values associated with the fits were relatively 

small (< 0.0038), indicating that this was not the cause of com ponent variation. The variation in 

range retrieved from each com ponent across all simulations as visualised in Figure 5.49 indicates 

that the overall scene variogram range may vary spectrally since the com ponent variograms will 

be scaled according to the absolute and relative brightness of scene elem ents (Equation 5.33).

Note that at D B H  values greater than 40cm, the relationship for the C(h)  component appears 

slightly less stable. This may be attributable to the number of realisations produced at each mean 

tree size, where there have not been enough realisations to represent the full range of variability in 

the component.

A num ber of experim ents were conducted to examine the variability in these relationships across 

different scene specifications. Individual realisations displayed sim ilar variation in the relation
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ships amongst components, with significantly more noise. The variability in each of the rela

tionships varied with component, the C(h) displaying the largest variance. Figure 5.50 shows

the com ponent variogram mean range-D fi// relationships ± one standard deviation as calculated 

across all in stances^ '. These error bars reflect the natural variability caused by using multiple real

isations. Note that in most cases the variability introduced through the use o f individual instances

is not enough to create an overlap between the com ponent rangQ-DBH relationships.
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Figure 5.50; Mean and Variance over all Realisations in Param eterised R an g e-D 5 // Relationship 
for A{h),B{h) and C(h)  Component Variograms

Variability in the relationship was found to change with window size, increasing as the window 

size decreased (as previously found with respect to the ground data). At all window sizes (31x31, 

61x61, 91x91, 121x121 pixels) the C(h) com ponent showed the most variance and in 66% of 

cases at the smallest window size (31x31 pixels), the number of sam ples were insufficient to fully 

characterise the C{h) variogram and the range was irretrievable. The variability associated with 

individual instances for the two smaller windows was significantly higher than that associated with 

the larger windows and in both cases led to significant overlap between the three components.

Variability introduced through the use of directional and isotropic variograms has already been 

demonstrated. Sim ilar variability is also incurred through the use of simulations at varying view 

zenith angle (vza). Given the bi-modal model, shadowing effects were not incorporated and scenes 

were simulated at multiple view zenith angles (nadir, ±22°, ±45°) in the hot spot (with the sun di

rectly behind, i.e. solar zenith angle = view zenith angle). C om ponent variograms were again 

fitted with an exponential model and although individual variogram shapes were found to vary

across vza, the range-D fi// relationship for each component variogram contained significant over-

- ‘N.B. the mean here is different to that displayed in Figure 5.49; the latter refers to the relationship established using 
a single mean component variogram, whereas the former refers to the mean over all instances.
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lap. It is thought that the influence of view zenith angle would have been stronger had shadowing 

effects been incorporated. More oblique view angles may also create more extreme effects.

Other Structural Parameters

Given that the range has more commonly been associated with variables such as object size rather

than DBH, an experiment was conducted to investigate the relationship between range and tree 

size. This was estimated as a mean over each simulation and related to the associated variogram 

range. Not surprisingly (given the use of the latter in defining the former) the relationships were

found to be very similar, albeit of different scales. This re-iterated the point that a retrieval of DBH 

could be used to infer tree size and height.

The other parameter of interest, that did not have such close links to DBH, was tree cover. The 

relationship between range and % cover was very weak. There was no mean variation in range 

across simulations of different % cover for any single component, although the A{h) component 

did appear to give consistently lower range values (at all levels of % cover). However, tree cover 

has more commonly been linked to the sill of a variogram rather than the range (Cohen et al. 

1990, Pinel et al. 1996). An examination of the sill behaviour over individual instances of varying 

tree cover was therefore performed. Although the extent of % cover produced by the simulations 

has been shown to be small (50-80%), the relationship between inverted sill (using an exponential 

model) and % cover nevertheless shows a clear distinction between components. Figure 5.51 

shows the mean behaviour of each component ± one standard deviation. The three components 

in this case not only display differences in the height of the sill at varying levels of tree cover, 

but also appear to hold different relationships: A{h) increases slightly with increasing cover; B(h) 

decreases with increasing cover; and C(h) remains fairly consistent at all levels of tree cover.

It should be noted that the variability in the data was undoubtably influenced by the number of 

samples included at each level of % cover (highest from 66-74%). The relationships established

between sill and % cover are significantly stronger than relationships between sill and DBH ex

amined.

Relationships between variogram model parameters and structural parameters have been well in

vestigated throughout the literature. It was therefore not the intention of this work to execute a full 

analysis into this. Rather, a demonstration that the general principles hold was performed. The 

variogram parameters as a whole behave as expected with reference to Chapter 2. The mean range 

across components increases with increasing object size as expected. Similarly, the mean sill in

creases (albeit only slightly) to begin with as the proportion of area covered by objects increases 

and beyond a given point (63%), begins to decrease with increasing tree cover as the variance 

within the scene diminishes.
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Figure 5.51: Relationship between Inverted Sill and % Cover for A{h),B{h)  and C{h) Component 
Variograms over M ultiple Realisations

More importantly though, and more interesting, is the variation in these established relationships

across com ponent variograms. In particular, the noted variation in the range-D R // relationship 

suggests a variation in this relationship for scene variograms of different crown and ground bright

nesses. Such spectral variation in range has been noted in the literature (Bruniquel-Pinel and 

Gastellu-Etchegorry 1998, Treitz 2001), although little work has been done towards explaining 

why it occurs and it therefore forms the focus of the following section.

5.8 Spectral Variation in the Range of Variograms

The reasons for spectral variation in range can be explained with reference to the ‘flat’ model 

described in Equation 5.31 above and various departures from it (O ’D w yer and Lewis 2003).

5.8.1 The ‘F la t’ Case

Considering the ‘flat’ model of two classes of elem ents of constant brightness and the contrast 

term k. Equation 5.31 can be rearranged to express the scene S as

S -  ipc -  Pg)l +P^1 

— T̂ + Pgl
(5.38)

where k = p^ -  Pg- The variogram for such a scene (yg) is sim pler than that considered for the 

general case in Equation 5.33 and can be expressed as
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7s(h) = k yi(h) (5.39)

where yi is the variogram of the indicator function I, as a function of lag distance h. The variogram 

for the ‘flat’ case then, is simply the product of the square of the scene component contrast and 

the variogram of the crown indicator function. This implies that any scene spatial indicator (in this 

case the range of the scene variogram) derived from ys will be constant with wavelength (i.e. over 

changes with pc or pg), as such a measure depends only on 71. It can therefore be claimed that, 

assuming the model of the ‘flat’ case, spatial measures such as the range are directly related to an 

underlying scene structure.

With respect the more general case S', the variogram has been defined in Equation 5.33, where 

a(h) and b(h) represent the variograms of the crown and ground perturbation functions (i.e. multi

plicative departures from the ‘flat’ case) and c(h) the negative covariogram of these. It is clear from 

Equation 5.33 that unless a{h) = bQi) = -c(A)/2, the scene variogram may depend on absolute 

values of pc and pg rather than just the contrast. Further, unless a{h) = n\b{h) = nicQi), where n\ 

and «2 are constants, then the behaviour of ys'Qi) will vary with wavelength i.e. spatial indicators 

such as the range are not directly linked to underlying scene spatial characteristics because they 

may vary withpc and pg.

The range of variograms in the ‘flat’ case has been mathematically shown to be spectrally invariant. 

This is further confirmed through the calculation of component variograms for such a case, as they 

fulfill the conditions outlined above. Figure 5.52 contains a plot of a{h) against b{h) and -c(h)l2 

and shows them to be the same. Furthermore, if the condition a(h) = b{h) = -c{h)l2 is satisfied 

then it follows that A(h) = C(h) = 0, which is also seen to be true for the ‘flat’ case (Figure 5.53).
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Figure 5.52: Isotropic Component Variogram a(h) plotted against b(h) and c{h) for a ‘Flat’ Scene 
(DBH=90cm)

For the set of simulations performed here the ‘flat’ case does not apply. Rather, a perturbation 

function (Lambertian shading on the crowns) Pc has been introduced. The nature of this per-
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— A(h

Figure 5.53: Contrast Component Variograms for a ‘F la t’ Scene ( D B H - 9 0 c m )

turbation is that A(h) C{h) t  0, as seen in Section 5.7.2 above. Neither does the condition 

a(]\) = n\h{h) -  njcih)  hold true, which leads to the spectral variation in range noted in Figure 

5.49.

Such spectral variability in range can be further dem onstrated through the use of an example. 

Sample values of p̂ - and pg were chosen to represent two different wavebands (red and near- 

infrared). These were combined with isotropic mean com ponent variograms a{h), h{h) and c{h) to

calculate the scene variograms for all D B H  in accordance with Equation 5.33. Estimates of range 

were extracted by fitting an authorised exponential model and com pared across waveband (Eigure 

5.54). Results are shown in Table 5.13. Note that RM SE values associated with the model fits in 

all cases were relatively very small (< 0.0028) and variations in retrieved range were therefore not 

thought to be related to errors in fitting.
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Eigure 5.54: Calculating spectral variation in the range of a scene variogram 

The Lambertian shading on the crowns incorporated into the sim ulations for this study represents
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DBH Retrieved Range (Exponential Model)
Red Near-Infrared

10 5.83 6.30
15 6.80 7.51
20 7.66 8.59
25 8.49 9.66
30 9.26 10.55
35 9.94 11.44
40 10.56 12.28
45 11.09 12.87
50 11.88 13.80
55 12.31 14.38
60 12.59 14.77
65 13.24 15.53
70 13.86 16.35
75 14.49 17.01
80 14.73 17.40
85 15.76 18.61
90 16.13 19.09
95 16.92 2 0 .02

Table 5.13: Range of isotropic scene variograms simulated at different wavelengths, retrieved 
using an exponential authorised model

one example of a ‘departure’ from the flat case which induces spectral variability in range. The fol

lowing section provides some further examples of the different departures from the flat model that 

may introduce changes in the component variograms leading to range variations with wavelength.

5.8.2 Mechanisms Causing Spectral Variation in Range 

Random Multiplicative Noise

The effect on the variogram of introducing an additive random noise field to an image is simply a 

shift in the nugget component (Atkinson 1993). However, the effect of multiplicative noise is quite 

different. Taking the flat model where Pc = I and pg = 0, a. random noise field was introduced 

with a mean=l and standard deviation=0.5. Figure 5.55 visualises the effect of this multiplicative 

noise and shows the associated isotropic component variograms.

As can be seen, the effect of multiplicative noise is dependent on the brightness of the scene 

elements. It introduces two changes in the behaviour of the flat model component variograms. 

Firstly, is the presence of a nugget (A{h)), the level of which corresponds to the variance of the 

incorporated noise (0.25). It also creates a variation in the range between B(h) and C{h), which 

introduces spectral variation in the overall scene variogram range.
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(a) Multiplicative Noise (b) A(/?). g(A) and C(/i)

Figure 5.55: The flat model with multiplicative noise and associated isotropic A(h), B{h) and C{h) 
com ponent variograms

Microstructure Variations

Real images rarely contain scene elements of constant brightness. Rather, they can be considered 

as being subject to a number of microstructure variations. In the case of a forested scene these 

may include shading on the crown (such as that incorporated in this study), the presence of an 

understorey, ground shading etc. These are by their nature, multiplicative with respect to scene 

element brightness. Small range variations were used to simulate m icrostructure shading. The de

parture from the flat model was represented using spatially correlated noise within scene elements, 

of both sim ilar and differing correlation lengths for crown and ground^^. Figure 5.56 visualises 

the incorporation of correlated noise of differing correlation lengths for the crown and ground ( 11 

and 5 respectively) and shows the associated isotropic com ponent variograms.

Introducing spatially correlated noise perturbations to the flat model prim arily affects the A{h) and 

B{h) com ponent variograms. The form er in particular, is interesting: just as it represented the 

nugget effect o f random noise in Figure 5.55 above so it represented the shape of the correlated 

noise here. Note that the sill o f the A{h)  and C{h) variograms again tended towards the variance of 

the introduced noise (0.25).

The shape of A{h)  differed from that of B{h) and C{h),  as seen in Table 5.14. An exponential model 

was used to retrieve the range for each com ponent variogram, which was found to vary according 

to the nature of the noise added. In all cases the model fitting produced low RM SE values. The 

incorporation of nested spatial dependencies created a series of subtle ‘bum ps’ in the component

-“In all cases, the mean and standard deviation of the noise held were kept at I and 0.5 respectively, for comparative 
purposes.
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(a) Spatially Correlated Noise of Differ
ing Correlation Lengths

(b) A(h), B{h) and C{h)

Figure 5.56: The flat model with spatially correlated noise and associated isotropic A(/z), B{h) and 
C{h) com ponent variograms

variograms (principally A{h)), which in turn caused a slight shift in the range.

Correlation Length of Noise Range Derived from Exponential Model
Crown Ground A(/z) C(/z)

No noise: ‘flat’ model 0 2 0 J 8 0
0* 0* 0 15.55 5 j #
5 5 6.65 16.07 8.69
5 11 9.67 16.07 9.15
11 5 8.71 17.34 13.06
11 11 12.32 17.34 13.91

*i.e. uncorrelated random multiplicative noise

Table 5.14: Range o f isotropic com ponent variograms simulated with noise of varying correlation 
lengths, retrieved using an exponential authorised model

From Table 5.14 it can be seen that the introduction of spatially dependent noise within elements 

in the scene creates departures from the ‘flat’ model, which in turn affect the behaviour of the 

com ponent variograms. This manifests itself as the spectral variation in range for the overall scene 

variogram noted above. It should be noted that the exam ples shown here use isotropic com po

nent variograms. Sim ilar behaviour is found when examining directional com ponent variograms, 

although the presence o f small oscillations beyond the range is also noted in these cases.

Additive Noise

The mechanisms of range variation discussed thus far have been multiplicative by nature. Consid

ering the flat model as described in Equation 5.38 additive noise may also cause spectral variation
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in range, although only in a few instances. The scene variogram for a flat model has been described 

above as ys = where yi is the variogram of I and is equivalent to the component variogram 

B(h). If a perturbation (noise) signal P, is added to S, to get the signal then the associated 

variogram is

7st = rs  + 7P + 7SP (5.40)

where ygt is the variogram of the scene If P is spatially correlated, with a different range to 

7 i, then an additive noise perturbation may induce spectral variation in the range of ys, as this 

is dependent on The covariogram ysp will be small if P has a zero mean, but may otherwise 

provide a further dependency on k, creating a spectral variation in range.

5.9 Summary

This chapter has described the development of a new method for extracting forest parameters 

from high resolution remote sensing data using scene modelling and geostatistics. A preliminary 

assessment of current geostatistical tools was carried out using authorised model fitting to ex

tract variogram parameters such as the range from local experimental variograms and relating this 

to forest structural parameters manually extracted from the remote sensing data. The problems 

and shortcomings of such a method were examined and assessed. Some of these were resolved 

through the use of more effective algorithms (e.g. the use of range indicators rather than full model 

inversion) and further image pre-processing (detrending the variogram to account for topographic 

effects). As a result of the problems associated with the authorised model fitting approach, an 

alternative technique was developed incorporating a scene modelling approach.

Scene modelling was used to simulate a range of forest conditions based on in situ data collected 

from the field site. The simulations provide a set of candidate model variograms for inversion 

against experimental variograms obtained from the data. This chapter has described in detail 

the parameterisation of the scenes, the scene rendering techniques and the resulting candidate 

variograms. The latter of these have been described in terms of ‘component’ variograms. The 

behaviour of these component variograms has been examined over varying scene specifications 

and has been used to explain the spectral variation in range noted for scene variograms both here 

and elsewhere in the literature.

The following chapter provides details of the inversion procedure and presents the results of the 

method applied to the high resolution air-photo data.



Chapter 6

Forest Parameter Extraction from High 

Resolution Data

208



CHAPTER 6. PARAMETER EXTRACTION FROM HIGH RESOLUTION DATA 209

6.1 Introduction

The previous chapter described the development of a scene modelling technique for deriving forest 

parameters from remote sensing data. This chapter attempts to apply the method to the high 

resolution air-photos described in Chapter 3. A full description of the inversion procedure is given 

and a test dataset (subset of the air-photos) used to investigate the accuracy and implications of the 

results. A lack of ground data at the time of image acquisition meant that validation was limited 

to a comparison of independent methods of forest parameter extraction. Therefore, results from 

a Gaussian curve fitting technique using local image histograms were examined and compared to 

the results from the scene modelling method.

6.2 Inversion

Using the subset of data previously described (Figure 5.14), a method for inverting the air-photos 

was developed and explored. Results were used to examine the stability and sensitivity of the 

method to influences such as local operating window size, anisotropic effects and weighting schemes 

(see Section 6.5 below). A window size of 91x91 pixels was chosen for preliminary analysis, with 

the use of directional variograms. Unless otherwise stated the results presented in the following 

sections refer to processing with these parameters.

Considering the scene variogram as

y(h) = p]a{h) -h Pg6 (A) -t- PcPgcQi) + E (6.1)

a three-dimensional non-linear inversion was required to solve for pc, Pg and “forest structure”, 

where the latter was represented by a look-up-table (LUT) comprising the various realisations 

discussed in Chapter 5 .̂ A weighted least squares approach was taken for inverting candidate sets 

of a(h), b{h) and c(h) components against experimental variograms derived from the imagery. The 

error function for minimisation was defined as

Z 1 ^
^ /  j iy m o d  ~  T m eas)
.2 _

Nh
1 2\ (6 .2 ) 

=  ^  ^  ((p?<2(/l) -I- p^gbih) +  pcpgC{h)  + E -  ymeasih)^ j

where jmod is the simulated semivariance, ymeas is semivariance calculated from the image and Nh 

is the number of samples at lag h. Weightings were initially determined by the number of samples

^Note that the nugget variance term, E, can be both included or excluded in the consideration of the scene variogram.
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at each lag (Equation 6.2), in accordance with traditional approaches in geostatistical modelling. 

The applicability of an alternative weighting scheme, based on the inverse of the mean of the 

component variograms, was also considered, as shall be seen in Section 6.5.3.

6.2.1 A Bi-quartic Error Surface

Assuming a one-dimensional LUT in forest structure the method of least squares can be shown to 

produce a bi-quartic error surface in pc and pg. Partial derivatives with respect to the brightness 

terms (and E) were defined as

^  = 0 = 2 ^  [A/i [p]a{h) -t- plbQi) -f- PcPgcQi) + E -  y{h)) (ipcaQi) + PgcQi))^ (6.3)
h

^  = 0 = 2 ^  [A/, [p^aih) + pIKK) + PcPgCih) + E -  y{h)) (ipgbQi) + PcC(/i))] (6.4)
/j

^  = 0 = ̂  [A/j [p]a{h) + plb{h) + pcPgCih) + E -  yQi)) (1)] (6.5)
h

Equations 6.3 and 6.4 can be expanded as

^  = 0  =2pla^(h) + plpga{h)c(h) + 2pcpla{h)b{h) + plc(h)b(h) + 2plpga{h)c{h)
^Pc (6 .6 )

+ PcpI ĉ {Ji) + 2pcEa{h) + pgEcih) -  2pca(h)y(h) -  pgc(h)y{h)

= 0  =2p]pga{h)b{h) + pla{h)c{h) + 2p^gb^{h) + ?>pcplb{h)c{h) + p]pgC^{h)
%  (6.7)

+ 2pgEb{h) + pcEcQi) -  2pgb(h)y(h) -  pcc{h)y{h)

From Equation 6.5, an expression for E can be taken to be

E = Ç  Nh (y(h) -  pla(h) -  pjè(/i) -  pcPgC{h))

= r  -  -  plb -  PcpgC

^  h (6 .8)

where â, b, c and y refer to weighted summations of a{h), b{h), cih) and yih), so that % = 

YFTh Z/z NhxQi). A pair of simultaneous equations equivalent to Equations 6 .6  and 6.7 were derived 

in terms of â, b and c, where values of E are substituted with expressions taken from Equation 6 .8 .
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de
= 0 = 2pla^ + Ipcplab + plbc + 2>p]pgac + Pcp]c^ + 2pcû [ y - p ^ a -  p^b -  PcPgc)

dpc

+  pgC  ( r  -  p ] a  -  p l b  -  pcP gc) -  I p c â ÿ  -  PgC ÿ (6.9)

— 2p^(Taa PcPg (2(Tab +  cc) Pg^^bc ^p^PgCTac ^PcCT^y PgCTcy 

= 0 = 2p]pgO b  +  pIoc + 2p]b^  +  2 p c p ]b c  +  plpgC ^  +  2 p g b  ( ÿ  -  p ^ â  -  -  PcPgc)

+  PcC ( r  -  p l a  -  p l b  -  p cp g c ) -  2 p g b y  -  PcC ÿ (6 .10)

— P c^ac 2pcPgO"bc 2pg(Tbb +  PcPg ^ ^ a b  ^^cc) P c^ cy 2pg(Tby 

where cr̂ y =

The pair of simultaneous equations given in Equations 6.9 and 6.10 can be combined to eliminate 

terms (pc in the first instance, Pg in the second), which results in a function that is quartic in pi and 

Pg. Thus, at each point in the LUT of forest structure the minimum of a bi-quartic surface must be 

identified to produce the best fit between the given component variograms and the experimental 

variogram taken from the imagery. These bi-quartic surfaces can be visualised in Figure 6.1, which 

shows an example error surface at a single point on the LUT.
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Figure 6.1: Bi-quartic error surface in pc and pg at a single point in the LUT

A visualisation of the error surfaces is instructive in understanding the nature of the inversion. The 

first thing to note is that there are two ‘valleys’ of minima, suggesting that the minimum of the
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surface may be well defined in the direction perpendicular to these ‘valleys’ but is more subtle in 

the direction parallel to them. The presence of the two valleys suggests that, although there may 

be an overall minimum to the surface as a whole, there exist two potential sets of viable solutions 

for Pc and pg. The location of these minima are of importance and can be used with additional 

information such as an expectation of the relationship between crown and ground brightness, to 

correctly solve for pc and pg.

As can be seen in Figure 6.1, some of the solutions lie in a ‘negative’ space i.e. space where pc 

and/or pg is a negative value. Since it is known that the brightness terms will never be negative, the 

search for a solution can be immediately constrained to consider only positive values of pc and pg. 

Limiting the solution to positive brightness values an analytical solution to the quartic functions 

discussed above can be used to calculate values of pc and pg for each point in the LUT. In this 

study, the full analytical solution has not been implemented so a numerical approach was taken 

whereby real roots for 0 < Pc < 5z (where z is the image section mean) were considered. The 

value of E was taken to be zero i.e. excluded from the inversion. Figure 6.2 shows the retrieved 

values of pc and pg for a limited set of solutions for exemplary image subsections.

An examination of the results shows a clear clustering of retrieved brightness values, suggesting 

the existence of a further two sets of viable solutions (within the positive-only space for which 

the solutions are already constrained). This may be attributed to the fact that the method deals 

mainly with spatial contrast rather than with absolute brightness values, as noted above. It was 

thought that the clusterings corresponded to groupings where pc > Pg and vice versa. This was 

further confirmed by an analysis of the difference between brightness terms. For each solution, 

Pc -  Pg was calculated and a histogram of differences generated. Figure 6.3 shows the histograms 

corresponding to the image section results in Figure 6.2. In all cases these clearly demonstrate the 

groupings discussed above.

For the air-photo data used in this study, it was assumed that the crown reflectance would always 

be brighter than the ground. Therefore, candidate solutions could be further constrained to only 

consider points where pc > Pg and the search window for the minimum point on the error surface 

could be further reduced.

6.2.2 Incorporating a Contrast Term

It has been suggested in previous sections of this study that the contrast between scene element 

brightness is of more importance in determining variogram shape than the absolute brightness 

values. Furthermore, a second examination of the error surfaces shown in Figure 6 .1 demonstrates 

that the contrast between the brightness terms has a well defined minimum (running perpendicular 

to the ‘valleys’), whilst when considering the absolute brightness the minimum is much less clearly
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(a) Plot C2

(b) Plot D3

Figure 6.2: Scatterpiots o f pc and extracted over exemplary different local neighbourhoods
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Rho_c -  Rho_g

(a) Plot C>

Rho_c -  Rho_g

(b) Plot I h

Figure 6.3: Histograms o f difference (p^ -p ^ ,)  for six local neighbourhoods

defined. Retrievals of contrast from inversions can therefore be expected to be significantly more 

stable than retrievals of absolute brightness terms.

Given the noted importance of contrast, it was thought that the m inim isation of an error function 

would be more easily achieved if it was expressed in terms of the contrast between element bright

nesses, rather than their absolute values. A contrast term, K,  was therefore incorporated into the 

inversion procedure^. The error function was re-defined as

+ K^bQi)) -  ytneasih)^ (6 .11)

where /f  is a contrast term defined as y .  Using the method of least squares, an analytical solution 

to Pc and K  can be achieved. In this study, such an analytical solution has not yet been imple

mented. Instead, a LUT in K  was used. The solution is constrained to lie within the physical (and 

expected) limits discussed above, so that 0 < A' < 1 (i.e pc > Pg and neither are negative). Note 

that if A' = 0 then com ponents associated with the ground brightness are also reduced to zero and 

the scene variogram will be equivalent to the a{h) com ponent variogram only, scaled by a p^ value 

(Equation 6.11). Similarly, when K  = pg = pc and the scene variogram is defined as the A{h) 

component discussed in Section 5.7.2. In the constrained case considered here though, the crown

-Note that the contrast term used here, K  = Pgjp,- is different to the contrast term k previously defined in Chapter 5. 
The former is used here to simplify the mathematics involved for inversion.
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is known to be brighter than the ground i.e. pc > Pg and solutions where K = \ arc therefore 

considered invalid. Using a LUT in K, it becomes simple to solve for pc.

‘’■■I (6.12)

where X = (a(h) + Kb{h) + K^c(h)), after which the minimum LUT point in K is identified using 

e^. A local interpolation between the minimum LUT points was considered, although the use of a 

denser grid in K (50 grid points) was found to be equally accurate and more efficient and as such, 

no interpolation was performed. This constrained error surface is visualised in Figure 6.4. Note 

that the axes are now defined in terms of pc and K and the physical limits on both, as discussed 

above, have been imposed. It can be seen from Figure 6.4 that there is still a valley of minima
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0 . 0 0 6

0 . 0 7
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Figure 6.4: Constrained error surface in pc and K

wherein the true solution is poorly defined. This valley runs from a point along the = 0 axis 

that represents an offset in pc. Given the presence of this offset, a more appropriate descriptor of 

contrast may be formulated as follows:

Given that the minimum in the error surface has been shown to lie at

2
P c  = (6.13)

and taking the offset term ro, to represent the solution to the error minimisation of for pg = 0 ,

ri =
y%(0)
A o )

(6.14)
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then the third descriptor of contrast, K', whereby the offset is accounted for is defined as

216

K' = Pg

Pc -  fo
(6.15)

An examination of the error surface in terms of this new contrast term (Figure 6.5) clearly shows 

that K' is by far the most appropriate descriptor of contrast, since a strong minimum can now be 

seen in the direction of both contrast and absolute brighmess. The use of K' in solving for pc is

0 . 0 7

0 . 0 6

0 . 0 5

0 . 0 4

0 . 0 3

0 . 0 2

Figure 6.5: Constrained Error Surface in pc and K', with strong minimum seen in directions of 
both contrast and absolute brightness

limited by its dependency on ro, which in turn is dependent upon y  and is therefore not constant. 

Solving for pc in this study is therefore done using the contrast term K (Eqn. 6.12), Future studies 

may benefit from usage of the K' contrast term, although it is noted that a fuller investigation 

into the behaviour of ro would be required. For each point in the forest structure LUT then, an 

associated value K and pc were stored, together with the root mean square error (RMSE: e in 

Equation 6.11). The LUT point with the minimum error was then assumed to be indicative of the 

forest structure on the ground. Implementing this method as a local moving window approach, 

it can be seen how tree structural parameters can be mapped from an image. Before such an 

implementation though, the method was used to process the subsections of data discussed above. 

Results are presented below.
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6.3 Retrieved Brightness Terms

217

Prior to inversion, image DN and model data were scaled to give a unit mean. Although the 

method does not require that the data be scaled, it was thought that scaled outputs would facilitate 

interpretation of results (especially for com parisons across m ethods, as discussed in Section 6.6 

below). Figure 6.6 shows scatterplots of valid solutions for pc and at all points in the forest 

structure LUT retrieved using the inversion method based on contrast outlined above.

(a) Plot Ai (b) Plot

(c) Plot E-i (d) Plot F,

Figure 6.6; Scatterplots o f constrained solutions for pc and p^  extracted, shown for four different 
local neighbourhoods

These results behave as expected: the constraints implemented in the inversion affect solutions 

for the brightness terms so that the crown is now always brighter than the ground as expected. 

Note that in all cases there are a num ber of solutions where pg = 0 and therefore the ‘best fit’ 

variogram is reduced to the short-range a{h) variogram as noted above. Note too that for many 

of the subsections (e.g. Figure 6.6 (d)) there is an increased variability in pg for higher pc values.
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The brightness terms shown in Figure 6 .6  represent all valid solutions within the forest structure 

LUT. However, these points do not fit the experimental variogram equally well. Therefore, it 

is arguably of more importance to examine the error in fitting for each LUT point rather than 

associated brightness values. This forms the focus of the following section.

6.4 The Error in Fitting

The error in fitting at each point in the forest structure LUT is characterised by the RMSE. These 

RMSE values vary enormously across the LUT. Figure 6.7 shows an ordered plot of RMSE, both 

across all points in the LUT as well as for the 50 points of minimum error.
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(a) All instances in the LUT (b) The 50 points with minimum error

Figure 6.7: Ordered RMSE across points in the forest structure LUT for image subsection Eg

As can be seen, the RMSE values for this image subsection vary by a factor of 12 between the best 

and worst fit. The difference between adjoining RMSE values can also be seen to be steeper at 

the extreme ends of the fits. Since only the best fitting points in the LUT wanted to be considered 

for parameter, a threshold can be imposed. This was initially arbitrarily chosen to be the 20 fits 

with the smallest RMSE values (given that this is the point beyond which the RMSE doubles in 

comparison to the best fit for most cases). These were considered in more detail during analysis 

of results.

6.4.1 Uncertainty in Parameter Retrieval

Considering the LUT in forest structure, RMSE values can be considered as a function of asso

ciated tree structural parameter (e.g. DBH classes) and the mean and variance within these sets 

used to establish the effect of using multiple realisations of each tree structural parameter. Figures

6.8  to 6.13 shows the mean RMSE as a function of the driving DBH  variable, the retrieved DBH
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(invDBH), % forest cover, tree density, crown diameter and tree height for two example image

subsections. Note that whereas DBH was necessarily a quantised variable (realisations simulated

at given steps of DBH), the other parameters are not, although they have been quantised for the 

purposes of analysing mean and variance in RMSE. In each case, tree structural variables were 

quantised at a level of {max -  mm)/10 .

(a) Plot C3 (b) Plot D4

Figure 6 .8 : Mean ± 1 standard deviation in RMSE across the whole forest structure LUT, for 
different classes of DBH for two image subsections

I

(a) Plot C3 (b) Plot D4

Figure 6.9: Mean ± 1 standard deviation in RMSE across the whole forest structure LUT, for 
different classes of invDBH for two image subsections

As can be seen, the variability in RMSE within individual classes of tree structural parameter can 

be large. In most cases there is no clearly defined set with significantly lower RMSE values and 

even where there is, the variability in fit as represented by the standard deviation in RMSE makes 

the fits for different parameter classes overlap. The large variability within classes of tree param-
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(a) Plot 52 (b) Plot F3

Figure 6.10: Mean ± 1 standard deviation in RMSE across the whole forest structure LUT, for 
different classes of % cover for two image subsections

I

0.12 0.14 0.16

(a) Plot C4 (b) Plot F3

Figure 6.11: Mean ± 1 standard deviation in RMSE across the whole forest structure LUT, for 
different classes of tree density for two image subsections
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(a) Plot A1 (b) Plot C3

Figure 6.12: Mean ± 1 standard deviation in RMSE across the whole forest structure LUT, for 
different classes of crown diameter for two image subsections

i

I Tr#o Height Tree Height

(a) Plot Ai (b) Plot C3

Figure 6.13: Mean ± 1 standard deviation in RMSE across the whole forest structure LUT, for 
different classes of tree height for two image subsections
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eters reinforces the need for multiple realisations of forest structure in the LUT. Such variability 

has already been attributed to the fact that the method operates on a local window only. A single 

realisation of each forest structure may therefore not be representative of the various manifesta

tions of spatial distribution that may occur for a limited area such as that represented by a local 

image window. It will undoubtably not contain sufficient variability for the experimental vari

ogram to be well fitted to. In such a case, the high frequency oscillations often noted beyond the 

range would undoubtably stand a poor chance of being correctly identified. However, the use of 

single realisations would significantly reduce the size of the LUT and increase efficiency for large 

image processing. Therefore, a LUT populated by mean component variograms (mean over all 

realisations of any given class of tree structure) was also used for inverting the image subsections. 

Results for this experiment are presented below, in Section 6.5.4.

Another effect on variability attributable to the use of local operating windows is the difference 

noted between Figures 6.8  and 6.9; that is, the difference in mean and variance of RMSE for sets

of driving (i.e. input) DBH and retrieved mean DBH invDBH. The latter of these refers to the 

mean DBH over any local window, as opposed to the mean DBH used to simulate a large area of 

trees, from which small areas were extracted. Although the general overall pattern of both agrees.

the range of invDBH is in all cases higher than that associated with driving DBH. Location of the 

overall minimum mean RMSE tends to be in agreement, although the variance within DBH sets is 

variable.

With regard to forest cover, it has already been shown that the range of modelled forest cover 

varied, on average, only between 50% and 80%. Within this range there was often a % cover class 

where the range of associated RMSE values was clearly lower than alternative classes. However, 

this minimum was consistently found to lie between 50% and 60% cover for the subsections mak

ing up the test dataset. This would imply that either the forest cover does not vary much between 

subsections, or that the inversion procedure is unable to distinguish levels of forest cover well. It 

is thought that a combination of these two has led to the results found here. It is clear that the sim

ulations did not account for a full range of forest cover. Any future work would have to consider 

a re-evaluation of the relationships established between ground parameters to allow for a wider 

variability in forest cover. In addition, although the subsections of data were chosen on the visual 

discemibility of variations in vegetation cover, the ‘amount’ of vegetation in all is similar. That is, 

in the air-photo dataset over Cat Tien in 1966 there are very few areas that are not fully covered 

in vegetation (although in many cases this may be largely due to the presence of an understorey 

which is not accounted for in this study) with the exception of the wetland areas, which have not 

been accounted for in the inversion method developed here.

The RMSE plots for crown diameter and tree height (Figures 6.12 and 6.13) are very similar. This 

is due to the fact that the relationship between the two is tied when parameterising the scenes
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and therefore retrieved parameters for any single realisation will be similarly tied. For the same

reasons, a comparison of Plot C3 with the DBH graph reveals a similar shape in the mean and

variability of parameters (although there is some discrepancy at large DBH  values). In accordance 

with the inter-relationships established between the tree structural parameters during the parame- 

terisation of the scene, the results for tree density follow the established pattern. In the case of tree 

density the best fits appear at low densities, which is in agreement with the RMSE minima lying at 

high values of the other parameters (given that in areas of larger trees, the model was constrained 

to simulate fewer of them).

The principal point to note from the RMSE graphs is that the variability within individual param

eter classes is high for all parameters investigated. In most cases this variability is combined with 

an ill-defined precise minimum , although in all cases there are some classes of the parameter in 

question for which none of the realisations fit well. The variability of results noted between im

age subsections may be small, although the fact that such variability is present suggests that the 

method may be able to distinguish varying patterns across large images (except, perhaps in forest 

cover), which is essential for the successful implementation of any parameter mapping.

The Application of a Threshold

The results presented above refer to the RMSE values associated with the full LUT in forest struc

ture. The application of a threshold on the RMSE values to identify the ‘set’ of most appropriate 

fits has already been discussed. The variability in retrieved tree parameters from this thresholded 

set of solutions is arguably more significant in representing the uncertainty associated with the 

inversion of forest structure. Figures 6.14 to 6.17 show a graphical representation of the mean and

variability in input and derived DBH, % cover, crown diameter, tree height and tree density over 

the thresholded set of solutions for 50% of the subsections in the test dataset^. In each case, the 

corresponding values retrieved for the single best fit are also shown (symbol: <$>).

The variability that has been previously noted in the results across the entire LUT is still very 

much visible in this significantly limited set of solutions. For each image subsection inverted, 

all parameters displayed a significant range in potential values with the exception of tree density 

where the majority of retrieved values lay within a small range (for some of the image subsections), 

although in each case the presence of outliers extended the full range. This variability was still 

found when the set of solutions was limited to the top 10 RMSE fits only.

Similar trends are still noted between crown diameter and tree height, although the best fit in the 

case of the latter is more often closer to the mean over the thresholded set. DiflPerences between

^Note that these plots are different from the box and whisker plots encountered in Chapter 5 in that the central point 
refers to the mean of the dataset, rather than the median.



CHAPTER 6. PARAMETER EXTRACTION FROM HIGH RESOLUTION DATA 224

Figure 6.14: Variability in retrieved DBH over thresholded set of solutions with the DBH associ
ated with the best fit, for 50% of the image subsections

Figure 6.15: Variability in retrieved invDBH over thresholded set of solutions with the invDBH
associated with the best fit, for 50% of the image subsections
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Figure 6.16: Variability in retrieved % cover over thresholded set of solutions with the % cover 
associated with the best fit, for 50% of the image subsections

T re e  D e n s i ty

Figure 6.17: Variability in retrieved tree density over thresholded set of solutions with the tree
density associated with the best fit, for 50% of the image subsections
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C row n D ia m e te r  <m>

Figure 6.18: Variability in retrieved crown diameter over thresholded set of solutions with the 
crown diameter associated with the best fit, for 50% of the image subsections

T re e  H e ig h t  (m)

Figure 6.19: Variability in retrieved tree height over thresholded set of solutions with the tree
height associated with the best fit, for 50% of the image subsections
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input and retrieved D B H  values are also clearer, the latter consistently returning a higher value 

both for the best fit as well as in terms of the mean. Variability in crown cover can be seen to 

be large (given that the initial range included in the simulations extended only from 50-80%). In 

the cases shown in Figure 6.16, the mean for different subsections varies only slightly, although a 

larger variation is introduced when considering only the best fit case (O).

The most important characteristic of the results to note is that all param eters displayed a significant 

discrepancy between the retrieved parameter associated with the ‘best fit’ (m inim um  error) and the 

mean over the thresholded solutions for the majority of subsections inverted. This was also true 

for inverted brightness terms and K. However, it has already been established that regarding 

retrievals of brightness, only a difference contrast term k (where k = pc - p g )  is valid. Comparisons 

of the values of k associated with the best fit against values associated with the mean over a 

thresholded set o f solutions (in this case 10 fits) can be seen in Figure 6.20. It is clear that the 

values are strongly correlated (r=0.91), with sim ilar magnitudes in each case.

%
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Figure 6.20: Retrieved values of k associated with the best fit and mean k over the top 10 fits

Note that values for the best fit and mean over thresholded solutions for alternative definitions 

of contrast (K  and K')  are much poorly correlated with associated r values of r  = 0.43 and r =

0.24 respectively. This may be attributable to the fact that in many of the inversions the best fit 

variogram returns a = 0 term, whereas the mean value of pg is alm ost never 0.

For the case o f k then, the impact of choosing the value associated with the best fit or that associated 

with the mean over a thresholded set of solutions would appear to be small. This is not true of 

the tree structural parameters discussed above where the mean over a thresholded set o f solutions 

is not representative of the best fit. However, if the differences in the variogram matches for this 

set are all very small then the mean may still be more useful than the best fit. Table 6.1 shows the 

range of error found across thresholded sets of solutions (minimum and maxim um ) for 12 image
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sections, where the top 20 fits were first considered and then only the top 10. Within the top 20 

fits the error was found to increase by a factor of 1.2 to 2.3. This was reduced only slightly when 

considering only the top 10 fits (1.1 to 2.1). In the top 20 fits 67% of cases showed the error 

increase to be of a factor less than 1.5 (71% of cases within the top 10 fits).

Image Subsection Range in RMSE
Top 20 fits Top 10 fits

Min. Max. Max.
Ai 0.0023 0.0050 0.0045
A2 0 .001 2 0.0017 0.0016
Bi 0.0092 0.0154 0.0140
Bi 0.0062 0.0129 0.0109
Cl 0.0039 0.0047 0.0044
C2 0.0037 0.0086 0.0076
Di 0.0045 0.0066 0.0060
D2 0.0038 0.0070 0.0060
El 0.0030 0.0056 0.0038
El 0.0051 0.0075 0.0061
El 0.0039 0.0054 0.0050
El 0.0037 0.0049 0.0047

Table 6 .1 : Minimum and maximum RMSE for thresholded sets of solutions for a limited set of 
image subsections

If this increase in error is found to significantly change the nature of the model fit to the variogram 

then a case could be made to use only the best fit point for inferring forest structure. However, 

if the change in error reflects only a change in the fitting to high frequency oscillations (rather 

than to the general shape) then the variability found within the thresholded sets would have to be 

considered. Visual fits between retrieved and experimental variograms are presented below.

6.4.2 Variogram Matches

Using the point on the LUT with the minimum error, the so-called ‘best fit’, a scene variogram 

was forward modelled for comparison against the experimental variogram. Figure 6.21 shows the 

experimental and best fit variogram for four image subsections.

It is clear that all the simulated variograms successfully model the general shape of the exper

imental variogram. In all cases the visual range is accurately placed and variations in fit arise 

principally from the ability of the model to accurately simulate the high frequency oscillations 

found beyond the range. The examples shown in Figure 6.21 were chosen as representative of the 

wider results over all subsections tested. As can be seen in Figures 6.21 (c) and (d), there are some 

cases where the modelled variogram very closely follows the oscillations seen in the variogram. 

However, Figures 6.21 (a) and (b) show that this is not always the case and although the modelled
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Figure 6.21: Experimental and best fit variograms for four image subsections
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variogram may include fluctuations, these do not always precisely coincide with the ones found 

on the experimental variogram.

For comparative purposes, the fit with the maximum error in the thresholded set of solutions (for 

both the top 20 and top 10 fits) was also plotted against the experimental variogram and visually 

assessed. Figure 6.22 shows the corresponding fits for the four image subsections previously 

discussed. The general shape of these ‘worst fit’ variograms does not vary significantly with regard
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(a) Plot 54 RMSE=0.0069;0.0064 (b) Plot C3 RMSE=0.0056;0.0053
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Figure 6.22: Experimental and modelled variograms associated with the largest error within 
thresholded solutions, for four image subsections

to the general shape of the variogram. It can be seen that the fitting of an exponential model to all 

of the variograms considered may yield a similar value. Such a fitting was performed and retrieved 

ranges are shown in Table 6.2. This shows that for the four image sections shown in Figure 6.21, 

the difference in retrieved range is minimal (< 1). For the majority of the other image subsections 

this remains true. In some cases however, a larger difference is noted between range derived for the 

experimental variogram and that derived for the best fit variogram although this does not exceed 

2.4 in any case. In considering the worst fit of the thresholded solutions this maximum increases 

to 6.5 and 5.6 for the top 20 and 10 fits respectively.
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Image Subsection Retrieved Range
Experimental Variogram Min. Error Max. Error* Max. Error’

Ai 12.7 14.2 13.3 14.7
A2 8.3 9.2 9.5 9.1
A3 12.2 12.4 11.6 12.7
A4 16.5 15.9 16.5 16.1
Bx 9.4 10.0 12.0 10.4
Bi 10.1 11.7 11.7 11.9
B3 8.3 8.7 9.1 8.8
Ba 9.3 10.1 9.8 10.4
Cl 10.9 11.5 11.6 11.1
C2 13.9 15.6 16.1 14.0
C3 18.7 18.7 18.7 19.0
C4 17.5 17.2 17.0 18.2
Di 13.0 14.4 14.6 14.5
Ü2 11.6 12.5 13.4 12.9
D3 10.9 11.6 11.8 11.1
Da 16.2 16.5 16.6 16.2
El 30.1 31.4 23.6 28.9
El 25.3 24.8 23.5 23.5
E3 11.4 12.6 12.6 11.7
Ea 31.1 33.5 25.7 25.5
El 7.7 8.5 7.9 8.5
El 8.7 9.6 9.7 9.5
E3 6.1 6.9 7.1 6.7
Fa 9.5 9.6 9.9 9.8

*Top 20 fits; Top 10 fits

Table 6.2: Range retrieved using an exponential model for the experimental variogram, the best 
fit as identified from the inversion and the fits with the maximum error within a thresholded set of 
solutions
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In discussing range retrieval using the exponential model the appropriateness of the exponential 

model as a fit must be considered. The relative RMSE was calculated for each exponential fit 

and compared to the RMSE retrieved for the best fit simulated variogram. In 87.5% of the cases, 

the simulated variogram provided a lower error than the exponential model. When considering 

the error associated with the ‘worst fit’ of the thresholded solutions, this figure fell to 70.8% and 

45.8% for the top 10 and 20 fits respectively. It would seem that the advantage of using the scene 

modelling technique over a simple fitting of the exponential model then is maximised in terms of 

minimum error when considering the best fit point on the LUT, rather than a set of thresholded 

solutions.

Given that the majority of these ‘best fit’ cases display only a small difference in retrieved range 

when compared to the exponential model retrieval, it can be said that the improvement in fitting is 

derived from variations in how the variograms fit the high-frequency oscillations beyond the range. 

The ability of the scene modelling technique to accurately simulate these fluctuations makes it a 

fundamentally different approach to the geo-statistical modelling traditionally employed. It is 

no longer limited to the use of classical authorised models: model variograms are derived from 

physical realisations of scene structure. Beyond the confines of kriging, abstracting the model 

variogram to a classical shape may be considered unnecessary for some cases in remote sensing, 

as a very large number of samples are available to calculate reliable variograms for both the image 

and simulated scenes, the latter of which has been shown to fit the former more accurately than a 

classical model.

It could be argued that the scene modelling technique produces a significant amount of variability 

in retrieved tree structural parameters, even when considering only a small number of points on the 

LUT with small variations in RMSE, whereas the use of an authorised model results in a definitive 

extracted parameter: the range. However, it has already been shown (in Chapter 5) that the retrieval 

of range using a classical model is spectrally dependent. Therefore, the range parameter is not as 

definitive as it would appear. Any image interpretation using the range of a classical model to infer 

information about the scene structure must therefore incorporate an appreciation of the potential 

associated uncertainty and spectral variability.

Similarly, the use of the scene modelling technique proposed herein requires a consideration of the 

sensitivity of the method to refinements and modifications in the application to full imagery. The 

existence of variability in retrieved parameters associated with the fitting error has already been 

discussed. The following sections provide an examination of the variability in retrieved parameters 

arising from differences in the mode of operation of the method. Such differences include window 

size, the use of directional or isotropic variograms, alternative weighting schemes, a reduced LUT 

in structure and an incorporation of the mean reflectance in calculating error.
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A full assessment of the accuracy of results was inhibited by a lack of validation data for the 

time of data acquisition. Therefore, a comparative assessment was performed, using a bi-modal 

Gaussian curve fitting scheme as an independent means of testing results. Local image histograms 

were fitted with two-peaked Gaussian curves and associated parameters used to derive independent 

estimates of brightness terms, canopy cover and nugget variance. These were then compared to 

results from the scene-modelling technique to check for consistency, as detailed in Section 6.6  

below.

6.5 Sensitivity of the Method

6.5.1 The Effects of Window Size

Window size has already been established as an influencing factor on successfully extracting a 

full characterisation of the experimental (and model) variograms. In authorised model fitting, it 

is essential that the shape of the experimental variogram be accurately calculated, to allow for a 

successful fit. It has been suggested that the local operating window should not be smaller than 

three times the maximum range sampled. For this dataset the optimal window size for authorised 

model fitting was determined as 91x91 pixels (where the expected maximum range was 30).

It is the aim of this section to investigate the effects of modifying the operating window size on pa

rameter retrieval using the scene-modelling technique developed in the preceding chapter. Results 

were generated for the image subsections previously identified using four different window sizes: 

31x31, 61x61, 91x91 and 121x121 pixels. Results from windows sized 91x91 pixels have been 

presented in the preceding sections of this chapter. Results presented here are therefore limited to 

the remaining three cases. Both directional and isotropic variograms were considered, although 

results presented here are limited to the former. The variability introduced through the usage of 

isotropic variograms is considered in Section 6.5.2 below. The mean and standard deviation in 

RMSE as a function of tree parameter class across the LUT in forest structure was calculated for 

each window size, to examine the uncertainty in parameter retrieval. These can be compared to 

Figures 6.8  to 6.13, which represent similar graphs for a window size of 91x91 pixels. In all cases 

the same subsections as those used above have been chosen to exemplify results to allow for a con

sistent comparison. Figure 6.23 represents uncertainty in input DBH  across the LUT, for different 

window sizes.

It is clear to see that the variability in results is significantly larger at the two smaller window sizes 

(31x31 and 61x61 pixels), particularly for Image subsection C3. In both cases the mean error in fit

associated with each DBH class is higher, as is the range of RMSE values. Neither display clear 

areas of the LUT where the error in fit is significantly lower than surrounding possibilities. Results
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(a) Plot C3; Window Size 31x31 (b) Plot C3; Window Size 61x61

(c) Plot C3; Window Size 121x121 (d) Plot D4; Window Size 31x31

(e) Plot D 4 , Window Size 61x61 (f) Plot D4 , Window Size 121x121

Figure 6.23: Mean ± 1 standard deviation in RMSE across the forest structure LUT, for different 
classes of DBH for two image windows of varying size
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from the largest window size considered behave very similarly to the results previously presented

i.e. there appears to be no significant change between the two larger window sizes. This is also 

true for subsection D4, although in this case the variance found using a small window size (< 61) 

is not as pronounced as that found for subsection C3. Here the behaviour of the mean RMSE is 

similar across all window sizes, albeit at a higher overall value for the smallest window size; the

variance within classes of DBH is also slightly higher for the two smaller window sizes. Similar

patterns are found when considering retrieved invDBH. At all window sizes the range of invDBH 

classes extracted is significantly higher than that used in creating the simulations. Variability

across window sizes mirrors the results found for DBH in Figure 6.23 and in each case the mean 

RMSE for each DBH class was comparable.

An increase in variability as window size decreased was found for all tree parameters analysed. 

Similarly, cases where a given tree parameter class was clearly identified as providing the mini

mum error tended to be restricted to larger window sizes. One exception to this was found in the 

error associated with tree height. 54% of the image subsections displayed a similar behaviour to 

that seen in Figure 6.24 where the smallest window size (31x31 pixels) provided a clear minimum 

in error for a given class of tree height, which was lost when considering larger window sizes.

In these cases, the minimum was not reflected in RMSE values associated with classes of crown 

diameter, although a strong correlation between RMSE results for tree height and crown diame

ter was found for all other window sizes. With regard to forest cover, results showed a similar 

increase in RMSE variability with decreasing window size. The range of estimated canopy cover 

also increased with smaller window sizes, although this can be attributed to the effect of window 

variance in the simulations.

Thresholded sets of solutions at all window sizes maintained a high level of variability and in the 

majority of cases the mean tree structural parameter over thresholded solutions was not represen

tative of the retrieved parameter associated with the best fit overall. Considering the best fits only, 

the variation in some of the retrieved parameters can be seen in Figure 6.25, which shows the 

parameters derived for 50% of the image subsections, at all four window sizes.

The difference in retrieved parameters attributable to window size can be seen to be variable across 

image subsections, as well as according to the tree parameter in question. Again, a consistent over

estimation of mean DBH is found when considering retrieved invDBH. Variability in this param

eter seems consistently higher in comparison to associated input DBH. The patterns previously 

seen between crown diameter and tree height though are not as clearly evident when considering 

only the best fits. Although some subsections maintain a relationship across window sizes for 

crown diameter and tree height (e.g. F3), the majority do not.

The most significant finding with regard to Figure 6.25 is that there is no consistent pattern at-
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(a) Window Size 31x31 (b) Window Size 61x61

£

H*«n Tr«* Htlght

(c) Window Size 121x121

Figure 6.24: Mean ± 1 standard deviation in RMSE across the forest structure LUT, for different 
classes of tree height for image windows of varying size over image subsection Ai
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Figure 6.25: Retrieved tree param eters associated with the best fit LU T point for a set of image 
subsections of varying window size



CHAPTER 6. PARAMETER EXTRACTION FROM HIGH RESOLUTION DATA 238

tributable to window size in any of the tree structural parameters. In all cases, a changing window 

size causes a change in retrieved parameter although for the majority of cases, this change is 

small. It should also be noted that when considering image subsections of different window sizes 

it is possible that a change in mean forest structure may be incurred, which would explain the 

differences found. It is acknowledged that this is unlikely to be responsible for the largest changes 

in extracted parameters, which are often associated with the smallest window size (31x31 pixels) 

where the failure to fully characterise the variogram may instead be at fault. A visual analysis of 

the fits between experimental and best fit variograms was therefore carried out.

At each window size, an examination of the experimental variogram in conjunction with the best 

fit variogram reveals that associated RMSE values are very low. Table 6.3 shows the mean and 

standard deviation in RMSE across all subsections of data associated with the best fit. As can

Window Size RMSE
Mean St. Dev.

31x31 0.0034 0.0015
61x61 0.0040 0.0016
91x91 0.0042 0.0016

121x121 0.0042 0.0019

Table 6.3; Mean and standard deviation in RMSE over all image subsections associated with the 
best fit for different window sizes

be clearly seen, these values are very similar. More informative though, is an examination of the 

variogram fits associated with the maximum error in the thresholded set of solutions. Figure 6.26 

shows these for the top 10 and top 20 fits for a single image subsection over all window sizes. 

The reason for the increased variability in retrieval of parameters associated with a window size 

of 31x31 can be seen in Figure 6.26. It can clearly be seen that even with the model variogram 

associated with the maximum error in a thresholded set of solutions (t=10 and t=20), the shape of 

the experimental variogram has been successfully captured. As the window size over which the 

variogram is calculated increases, the ‘shape’ and form of the variogram becomes more complex 

and whereas the best model fit may accurately portray this (Figure 6.21), the fits associated with 

thresholded solutions become less and less accurate.

The limited characterisation of variograms associated with small window sizes means that a much 

larger number of realisations within the LUT may provide an appropriate description, which would 

account for the increased variability in ‘accurately’ retrieved parameters. As the window size 

increases, the number of points in the LUT that provide an adequate fit decreases and therefore 

so does the potential for an appropriate solution, although should one be found it is more likely 

to be an accurate representation of the spatial patterns in the imagery. On the other hand, the 

window size should not be too large for then the solution will be primarily based upon the fit to 

variations in the sill, particularly for short-range variograms and although a fit to oscillations in
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Figure 6.26: Experimental and modelled variograms associated with the largest error within 
thresholded solutions, for different sized windows over image subsection D2
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the sill may be beneficial it is undoubtably the fit up to and around the range that should dominate 

the characterisation of any given variogram.

6.5.2 Anisotropic Effects

The concept of anisotropy has already been introduced. In Chapter 5, component variograms from 

the simulated scenes were examined for anisotropic effects. Directional variograms calculated in 

opposing directions (N-S and W-E) were found to be very similar in shape and magnitude. This 

was thought to be due to a lack of shadowing in the simulations, combined with spherical objects 

(trees) spatially distributed so as to minimise overlap. Isotropic variograms were found to result 

in a larger range (extracted with the exponential model) and sill for all component variograms and 

despite representing a more generalised shape, they still maintained some of the oscillations noted 

beyond the range.

Differences between directional and isotropic variograms for the image subsections also exist. In 

this case the difference between the sill values were minimal, but the isotropic range was in 88% 

of cases greater than the directional range (extracted using an exponential model). The magnitude 

of these differences varied from 1.8 to 8.6 (the mean range being 16.2). It should be noted that in 

the majority of cases the error in fitting the exponential model (as measured by the RMSE) for the 

isotropic variograms was also higher by approximately 40-90%.

As previously stated, the similarities found between directional variograms should result in an 

isotropic variogram of a similar nature. The existance of differences in the extracted range could 

therefore be a result of a miscalculation in computing the variograms. However the differences 

were explored nevertheless, through an experiment whereby the scene modelling technique out

lined above was used to invert both directional and isotropic variograms from the image subsec

tions previously described"^. Separate LUTs were populated with directional and isotropic compo

nent variograms calculated from the DBH simulations of multiple realisations. Directional vari

ograms were calculated in a N-S direction. Isotropic variograms were calculated in four directions; 

N-S, NE-SW, E-W, SE-NW. Inversion was performed using first one LUT and then the other, for 

directional and isotropic experimental variograms from the image subsections, sized 91x91 pixels.

With regard to the resulting fitting error (RMSE) across the LUT, isotropic and directional var

iograms produced similar behaviour. In most cases isotropic variograms tended to result in a 

slightly higher overall mean RMSE per class, although often these were associated with smaller 

variability in RMSE values per class. Definition of a single parameter class where RMSE values

'‘Note that in this experiment directional and isotropic variograms were inverted separately. In implementing the 
method for wider applications, combinations of variograms can be included so that the error at each point in the LUT is 
determined by both the fit to the directional variogram as well as the fit to the isotropic one.
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were consistently lower was as equally imprecise when considering isotropic variograms as when 

using directional variograms. A difference in retrieved tree structural param eters associated with 

the best fit LU T point was noticed across all param eters for all subsections. The magnitude of 

this difference varied both as a function of param eter as well as subsection o f interest. Figure 6.27 

shows the difference in three retrieved tree param eters attributable to the use o f isotropic rather 

than directional variograms.
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Figure 6.27: Difference in retrieved tree structural param eter associated with the best fit LUT point 
attributable to the use of isotropic over directional variograms

The use of isotropic variograms (as com pared to directional variograms) results in the retrieval of 

structural param eters associated with larger trees across most o f the subsections. That is, estimated

tree size (in terms of DBH,  crown diam eter and tree height) is generally higher and as a result 

tree density tends to be lower. The m agnitude of the differences varies depending on the image 

subsection but in some cases may be quite significant (up to 60% o f the full range in the case
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of invDBH).  A lso shown in Figure 6.27 is the difference in retrieved param eter associated with 

the mean over a thresholded set o f solutions (top 10 fits) for both cases. As can clearly be seen, 

the difference between the means of thresholded solutions for directional and isotropic variograms 

is significantly lower than that incurred using the best fit only. This behaviour is also true of the 

associated brightness terms, although here the use of isotropic variogram s tended to produce lower 

values of both and K  as can be seen in Figure 6.28.
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Figure 6.28: Difference in retrieved brightness terms associated with the best fit LU T point at
tributable to the use of isotropic over directional variograms

Figures 6.27 and 6.28 clearly show the method to be sensitive to the directionality of variograms 

used in inversion, particularly when considering only the best fit variogram. The use of a mean 

value over the top 10 fits greatly reduces the sensitivity and results in a closer agreement between 

retrieved tree structural parameters as well as brightness terms (particularly with regard to the 

contrast term K). Given the lack of validation data it is difficult to assess the absolute accuracy 

of results. It is only in Section 6.6 that the accuracy of retrieved results is considered and where 

image histogram analysis is used to provide an independent estim ate of forest cover and scene 

element brightness, for comparison to results from the scene m odelling inversion.

An examination of the RM SE values associated with the thresholded set of solutions for direc

tional and isotropic variograms (Table 6.4) reveals that for the majority of subsections the use of a 

directional variogram provides a lower overall error when considering the thresholded set o f solu

tions but that the increase in error across the thresholded solutions associated with fitting isotropic 

variograms is in almost all cases significantly smaller. This would suggest that the use of isotropic 

variograms allows a larger num ber of realisations o f forest structure to be fit equally well.
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Image Subsection Directional Isotropic
Min. RMSE Range in RMSE Min. RMSE Range in RMSE

Ai 0.00230 0.00221 0.00283 0.00084
^2 0.00117 0.00040 0.00129 0.00010
As 0.00355 0.00085 0.00505 0.00026
A4 0.00408 0.00101 0.00596 0.00046
Bi 0.00392 0.00043 0.00568 0.00036
Bi 0.00370 0.00394 0.00573 0.00157
B3 0.00260 0.00070 0.00456 0.00070
Ba 0.00573 0.00062 0.00728 0.00048
Cl 0.00921 0.00475 0.00775 0.00102
C2 0.00621 0.00468 0.00584 0.00279
Cs 0.00424 0.00108 0.00745 0.00128
C4 0.00389 0.00103 0.00541 0.00071
Dx 0.00447 0.00148 0.00730 0.00127
Ü2 0.00377 0.00228 0.00922 0.00193
Ds 0.00644 0.00126 0.00853 0.00216
Da 0.00403 0.00062 0.00696 0.00071
Ex 0.00304 0.00076 0.00303 0.00057
El 0.00511 0.00100 0.00502 0.00113
El 0.00267 0.00180 0.00460 0.00073
Ea 0.00621 0.00324 0.00545 0.00144
Ex 0.00394 0.00102 0.00533 0.00051
Fl 0.00375 0.00093 0.00554 0.00026
El 0.00315 0.00093 0.00437 0.00036
Ea 0.00350 0.00080 0.00519 0.00053

Table 6.4: Minimum (best fit) and range (Max-Min) in fitting error, as determined by the RMSE, 
for a thresholded set of solutions using directional and isotropic variograms for each image sub
section
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6.5.3 Alternative Weighting Schemes

The sensitivity of the method to the weightings used in calculating the fitting error was also inves

tigated. Traditionally weights are assigned according to the number of samples available at each 

lag (Section 2.4.3) so that

Àh = N(h) (6.16)

where Àh is the weight for lag h and N  the number of samples. This ensures that measurements 

made at smaller lags i.e. before the range is reached where the number of samples is higher, 

receive a higher weighting when calculating the mean square error. The weightings then decrease 

in a linear fashion with increasing lag distance, as can be seen in Figure 6.29 (a).

Although this weighting scheme is sufficient for most purposes, it is clear that in the case of short- 

range variograms within large windows a large proportion of the calculated mean square error 

will be determined by the fit at the sill. If the ‘shape’ of a variogram can be thought of as being 

predominantly characterised by the behaviour at lags up to and including the value of the range 

then it is clear that in these cases the use of a simple weight determined by N  will not place the 

emphasis on fitting variogram ‘shape’. Given this problem, an alternative weighting scheme can be 

devised whereby lags prior to the sill being reached may be more heavily weighted, thus ensuring 

that the ‘shape’ of the variogram contributes a large proportion of the calculated error in fit. Such 

a weighting scheme was constructed using the inverse of the mean variogram across components 

for any given realisation (Figure 6.29 (b)).

Ah = = —  (6.17)
abcQi)

where abc is the mean component variogram for any single realisation, calculated at each lag 

as (a(h) + b{h) + c(A))/3. The difference between the two weighting schemes is clearly seen in 

Figure 6.29. Weights assigned according to an inverse mean variogram are non-linear and place a 

significantly higher weight on samples at lags prior to reaching the sill, whereas it is clear that the 

weighting scheme based on the number of samples still assigns significant weightings to samples 

well beyond the point at which the range may be defined.

Inversions were performed using these two weighting schemes for directional variograms calcu

lated over windows from the 24 image subsections sized 91x91 pixels. Again, a thresholded set 

of solutions (top 10 fits) was used to investigate the sensitivity of the inversions to differences in

the weighting scheme used. The differences in tree parameters as defined by the best fitting LUT

point are significantly smaller than those incurred through the directionality of variograms seen in
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(a) Weights defined by N/, (b) Weights defined by 1 jabc

Figure 6.29: Examples of two weighting schemes, based on the number of samples at each lag and 
the inverse mean component variogram respectively

Section 6.5.2 above. Furthermore, use of the mean over thresholded solutions shows the difference 

to be insignificant in most cases. The same applies to retrieved brightness terms.

An examination of the RMSE values associated with the thresholded sets of solutions for both 

weighting schemes show the minimum error to be consistently lower when fitting with the inverse 

variogram weighting scheme. The range across thresholded solutions however, was comparable 

as were visual fits between experimental and best fit variograms, as can be seen in Figure 6.30. In 

the case of image subsection F2, the visual fit can even be seen to be significantly worse. This can 

be explained by the fact that the inverse variogram weighting scheme places significant emphasis 

on the fit at the shortest lags. It is not the intention to fit to high frequency oscillations beyond 

the range and in cases where these dominate the shape of the variogram, the visual fit between 

experimental and best fit model variogram is degraded.

6.5.4 The Use o f Mean Variograms Across DBH  and % Cover Classes

The need for multiple realisations of any single DBH given a limited spatial area has already been

established in Chapter 5. The number of realisations per DBH determines the size of the LUT in 

forest structure. Whilst it is recognised that a reduction in the number of individual realisations 

may adversely affect the accuracy of results, a significant reduction in the size of the LUT would 

vastly improve efficiency of the inversion. In addition, the experiments outlined above have shown 

that the stability of inverted tree parameters associated with the best fit LUT point is low when 

considering a large number of multiple realisations.

Given the large variability in retrieved parameters, the use of mean component variograms {a{h).

b(h) and c{h)) over different DBH classes could be considered and may reduce the instability in
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Figure 6.30; Experimental and best fit variograms for four image subsections with alternative 
weighting schemes
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results. It would also serve to compress the LUT to the num ber of D B H  classes considered and 

improve efficiency. It is acknowledged that using mean com ponent variograms incurs a loss of 

high frequency detail beyond the range. Fitting will be (in this case) primarily determ ined by the 

general shape of the variogram rather than on successful fits to subtle oscillations that may be 

present in the experimental variogram.

The use of such a LUT relies on a clear differentiation between mean com ponent variograms, 

whereby variations in the general shape of the experim ental variogram may be fully represented.

Figure 6.31 shows the mean a(h), b(h) and c{h) com ponent variograms for a selection of DBH  

classes. A gradual shift towards a ‘rounder’ shape, with an increased range can be seen as the

DB H  class increases. The lack of oscillations beyond the range is also noted.
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Figure 6.31: M ean a{h), b{h) and c(/z) com ponent variograms across varying D B H  classes

Inversions using this com pressed LUT were perform ed for 91x91 pixel windows of the 24 image 

subsections for directional experimental variograms. The use of the mean com ponent variograms
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allowed for a lOOx increase in efficiency with respect to processing times. The impact of using a 

reduced LU T comprising only the mean com ponent variograms was assessed using similar com 

parisons to those done for directionality in variograms and weighting schemes, although given the 

com pressed LU T only the best fit solution was considered. The behaviour of RM SE across the 

LUT as a function of tree param eter in this case is significantly sim pler than that previously seen. 

In most cases there is only one sample in the LUT for any given class, with a much better defined 

minimum in the LU T as a whole.

Results from this compressed LUT for retrieved tree structural param eters are in relatively close 

agreement to the mean of the thresholded set of solutions using the full sized LUT. It should be 

noted that variations in retrieved forest cover are particularly small. Variations in retrieved bright

ness terms however, are significantly higher than differences previously observed in Sections 6.5.2 

and 6.5.3. It would seem then, that it may be valid to perform  the inversion using a compressed

LUT com prising mean component variograms associated with variations in DBH.  Figure 6.32 

shows the best fit mean component variogram with the experim ental variogram for two of the four 

image subsections previously examined. In both cases it can be seen that the mean variogram 

gives a reasonable estimate of the general shape o f the experim ental variogram, even though the 

associated RM SE value is higher. As can be seen by Figure 6.33 though, this is not always the 

case and there may be local windows that cannot be adequately described by the abstracted form 

of the mean com ponent variogram, but which may successfully be fitted to using a full LUT.
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Figure 6.32: Experimental and best fit variograms for two image subsections with a compressed 
LUT

Given that forest cover may be a more desirable param eter for m apping forest structure, mean 

com ponent variograms were also calculated as a function of increasing % cover. Classes of forest 

cover were defined from 50% to 80% in increasing steps of 5%. The num ber of realisations 

contributing to the mean varied according to the forest cover class considered, the majority falling
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Figure 6.33: Cases where a com pressed LUT does not work: experim ental and best fit variograms 
for a single image subsection {EH,  retrieved using a full sized LU T (RM SE=0.0062) and a com 
pressed LUT of mean D B H  variograms (RM SE=0.0220)

between 65 and 75%. The effects of this can be seen in Figure 6.34, which shows the mean 

component variograms defined according to forest cover. The small num ber o f samples falling 

in the 50% cover class has led to the mean variogram for this class maintaining some of the 

oscillations beyond the range that can be seen to be missing from the com ponent variograms for 

other classes. Again it can be seen that increasing the forest cover changes the general shape of 

the variogram, although in this case increasing levels o f cover appear to decrease the range and sill

of the variogram (as opposed to increasing D B H  classes).

The use of mean com ponent variograms defined by % cover results in a very small LUT (7 classes) 

of directional (or isotropic) variograms describing forest structure. Inversions were performed 

using this com pressed LUT for the 24 image subsections. An exam ination of the RM SE values 

across the LU T as a function of tree param eter revealed that (with the exception of tree density) 

each class in the % cover LUT was associated with a different retrieved param eter value, although

significantly less ‘sm oother’ varying that that observed for the mean D B H  variograms.

Analysis o f retrieved parameters was in this case limited to the best fit case only. This was be

cause the LUT in forest structure itself com prised 7 points only and as such, a thresholded set of 

solutions was deem ed unnecessary. Retrieved param eters and brightness terms were found to be 

significantly different from those retrieved using a full sized LUT, both for the best fit and for the 

mean over thresholded solutions of the latter. Furtherm ore, with regard to tree structural parame

ters, results were com pared to the best fit results from  the com pressed LU T using D B H  classes and 

differences were found to be of the same order o f magnitude as when com pared to the full LUT 

inversions. This was not true of the brightness terms, which in all cases were 0 for the contrast 

term K and small for the pc term. Visual fits of the variograms followed very closely the patterns



CHAPTER 6. PARAMETER EXTRACTION EROM HIGH RESOL UTION DATA 250

(a) a(h) (b) b(h)

(c) c(h)

Figure 6.34: Mean com ponent variograms defined for varying classes of forest cover
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observed for the mean DBH and are therefore not shown here.

The impact of using a compressed LUT then, can be said to be large. The means of compression

can also be said to have a significant impact on parameter retrieval (use of DBH  classes or % cover 

classes).

6.5.5 Incorporating a Model o f Mean Reflectance

Thus far, as described in Section 6.2.2, the fitting error at each point in the LUT has been de

termined by the semivariance (Eqn. 6.11). Given that the proportions of crown and ground are 

known for each realisation populating the LUT, it could be argued that the error calculation should 

include a model of the mean reflectance p^. In this case, the error function can be re-defined as

“ ymeasihŸj + À -  p^) (6.18)

where X  remains (a(h) 4- Kc{h) + K^b(h)), À is the weighting used for the p term and T is a 

proportion related term defined as -i- Â Gp, where Cp and Gp are crown and ground proportions 

respectively.

Note that the mean reflectance term included is a square term p^, used to simplify the mathematics 

when solving for pc, given that % is a p^ term. The crown and ground proportion terms would be, 

in a flat (or binary) model, approximately equal to one. For the simulations in this study the Cp 

term includes a modulation to account for the shading on the crown and as a result Cp + Gp ~ 0.75. 

Considering Equation 6.18 and a LUT in K, a solution for pc can be found as follows

dp

P c  - 4 =  —  (6.20)

Inversions for the 24 image subsections (using directional variograms over 91x91 pixel sized win

dows) were performed using the error function incorporating a modelling of the mean. Results are 

presented below. First though, a further examination of the implications of incorporating a p fit is 

given with respect to changes in the behaviour of the error surface.

^This is based on well established linear mixture modelling theory where the mean reflectance may be modelled as 
a combination of scene element reflectance and proportion terms as given in Equation 2.2, such that for the bi-modal 
scene of crown and ground p = pcCp + pgGp
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Changes in the Behaviour of the Error Surface

252

The error surface defined for pc and K with no consideration of the mean reflectance term has been 

shown in Figure 6.4, where minima were seen to lie along a valley. The shape of this error surface 

changes when incorporating the term of Equation 6.18. Figure 6.35 shows the corresponding 

error surface based only on the mean reflectance term of the error function {e  ̂ = -  p^)^).
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Figure 6.35; Constrained error surface in pc and K calculated for an error function defined in terms 
of p only

Note that the error surface has again been constrained to only allow solutions within the physical 

limits of both pc and K. Use of the mean reflectance term alone results in a valley of solutions 

where the error is equal to zero. There is no single solution because in this case the function is 

under-determined i.e. there are two unknowns and only one sample with which to retrieve them. 

As can be seen from Figure 6.35, this valley runs in a direction near-perpendicular to the valley 

of minima observed for the surface with no consideration of the p^ term (Figure 6.4) albeit in a 

significantly more restricted space. A combination of the two terms should therefore result in a 

well defined minimum. Figure 6.36 shows the error surface resulting from an equal weighting of 

the two terms of the error function defined in Equation 6.18 (T = 1).

Here the error surface can be seen to be highly influenced by the incorporation of the mean re

flectance term. Note that the range of K values shown extends only from 0.5 to 1. The minimum 

is more clearly defined here, although it can be seen that the imposition of physical constraints 

Pc > Pg and Pc > 0 < pg combined with the observation that Cp + Gp % 0.75 results in a very 

restricted area of valid solutions, significantly reduced in comparison to previous error surfaces 

seen. In addition it may be observed that the function tends towards a solution where % 1 i.e.
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Figure 6.36: Constrained error surface in pc and K calculated for an error function with equal 
weighting given to the term

where crown and ground brightness terms are very similar. This suggests that results here may be 

significantly restricted by the limited solutions and a reconsideration of the scene model may be 

required if this error function is to be used in future studies.

Parameters Retrieved from Inversion

A look at retrieved parameters from inversions incorporating a mean reflectance show similar 

patterns to the results from all the experiments described in this Section. That is, the sensitivity of 

retrieved parameters when considering the best fit case only is significantly higher than that when 

considering a mean over thresholded solutions. Figure 6.37 shows the differences in retrieved 

parameter values in comparison to the modelling without a consideration of the mean response, 

both for the best fit retrieval and the mean over the top 10 fits. It is clear to see the plot to plot 

variability in these differences, as well as the fact that variations are large for the best fit solution. 

Variations are also noted for the mean over thresholded solutions, albeit of a significantly small 

magnitude. The fact that there are differences in either suggests that the method is sensitive to 

the inclusion of a mean response model. Furthermore, given that the differences are small for the 

mean over thresholded solutions but large for the best fit, the latter would appear to be a much less 

stable means of retrieving tree structural parameters

It can be seen from Figure 6.37 that the parameters associated with the size of individual trees (i.e.

crown diameter although the same is also true for DBH and tree height) are much more sensitive 

to the new inversion technique than the more general parameters such as tree density and more
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Figure 6.37: Variations in retrieved tree structural param eter associated with the best fit LUT point 
and mean over thresholded solutions, attributable to the incorporation o f a p  fit
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particularly, forest cover. With the exception of image subsection A\ ,  the differences in retrieved 

forest cover between the two inversion methods is relatively small in com parison to differences 

incLiired through other modifications to the inversion. In the case o f a com parison between the 

mean forest cover over the top 10 fits, differences are negligible in almost all cases.

Given the impact on the error surface previously discussed, it is interesting to note that the contrast 

and brightness terms retrieved using this inversion are significantly different to those retrieved 

without a consideration of the mean reflectance. Figure 6.38 shows that these differences are 

almost always positive i.e. that the K  and P(. terms inverted using a consideration of p  are con

siderably higher than those inverted without p. This is true when considering both the best fit 

retrievals and the means over the top 10 fits. The m agnitude of these differences can also be seen 

to be particularly significant for the retrieval of AT; on the order of 60%.

B e s t  F it
M e o n  O v e r  T h r e s h o l d e d  S e t

B e s t  F it
M e o n  O v e r  T h r e s h o l d e d  S e t

1  , 4  I______ ,______ L

(a) A (b) K

Figure 6.38; Difference in retrieved brightness terms associated with the best fit LUT point at
tributable to the incorporation of a p  fit

In this inversion it is also interesting to note that the number of valid solutions (i.e. where K < \)  

is significantly reduced. Table 6.5 shows the num ber of valid solutions found in the LUT for the 

original inversions and those where a modelling o f the mean reflectance was considered. As can be 

seen, the num ber of potential candidates in the LU T is significantly reduced, more than halved in 

71% of cases and even reduced to less than 10 appropriate fits in 3 cases. In addition to the number 

of valid solutions decreasing, the relative error in fit when considering a m odelling of p  increases 

by a factor approximately 2. Visual fits between the experimental and best fit model variogram are 

shown in Figure 6.39.

The best fit variograms can be seen to adequately describe the general shape of the experimental 

one, although in most cases the more accurate fit to subtle oscillations is lost. Therefore, when 

considering the application of an inversion incorporating a fit for the mean brightness, a consid-
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Image Subsection Number of valid solutions in LUT
Original Inversion Considering p

Ai 1798 1
A2 1692 1
A3 1792 303
A4 1797 692
Bi 1764 1371
Bi 1775 1211
B3 1699 1074
Ba 1771 343
Cl 1793 401
C2 1799 848
C3 1799 204
C4 1798 1225
Di 1798 1262
D2 1798 858
D3 1791 1186
Da 1799 1159
El 1797 69
El 1798 789
E3 1797 253
E a 1799 773
E l 1652 142
Fl 1749 276
E3 1322 8
E a 1751 180

Table 6.5: Number of valid solutions in LUT for original and p inversions
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Figure 6.39: Experimental and best fit variograms for four image subsections incorporating a 
modelling of the mean brightness response
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eration of the importance of correctly modelling the mean, as opposed to more closely modelling 

the variogram must be taken into account. That the two methods yield varying results has been 

shown but it is not possible to know which gives a more accurate result.

6.5.6 Summary of Sensitivity Analysis

This section has described a set of experiments designed to explore the sensitivity of inverted tree 

structural parameters to modifications in the inversion procedure. A large degree of variability 

has been noted in results according to the operating window size, the type of variogram used in 

populating the LUT, the weighting scheme and the inclusion or exclusion of a modelling of the 

mean brightness. Parameters associated with the ‘best fit’ LUT point contain a large degree of un

certainty across the different inversions. These same parameters when considered as a mean over 

a thresholded set of solutions are significantly more stable (except when considering small win

dow sizes), although still contain some quantifiable variability suggesting a sensitivity to details 

regarding the implementation of the method.

A frustration in assessing these results has been the lack of validation data with which to judge the 

results as a whole. What may be said from the experiments carried out here is that the way in which 

the model is defined will have a significant impact on retrievable results. How these effects relate to 

the ‘real’ answer is difficult to determine. In retrospect this study would have been better placed in 

a field site that was well-established, with significant instrumentation and a large archive of ground 

measurements coinciding with image acquisition dates. However, the inversions performed here 

have been instructive in understanding the relative sensitivity between results and have allowed 

for a better understanding of the behaviour of the error surfaces involved. The following section 

provides a brief and preliminary analysis of the local image histograms associated with the image 

subsections used thus far, in an attempt to provide independent estimates of forest cover and crown 

and ground brightness terms for comparison to the inversion results.

6.6 Independent Image Histogram Analysis

The image histogram analysis performed in this Section is an extension of that seen in Section 

5.4.1 in the previous Chapter. It centers on fitting a multi-peaked Gaussian model to a local image 

histogram (Equation 5.16). In the cases considered here, the model is limited to two peaks only 

(n = 2) corresponding to the crown and ground scene elements as previously described. Each of 

the two i Gaussians have three associated parameters at, bi and c/, which describe the magnitude, 

centroid and peak width respectively and are shown in Figure 6.40.



CHAPTER 6. PARAMETER EXTRACTION FROM HIGH RESOLUTION DATA 259

g I magnitude 
S. bj centroid 
K II c.: peak  width

Histogram

- Gaussian 2

Image DN

Figure 6.40: The a„ bi and c, parameters associated with the magnitude, centroid and peak width 
of a Gaussian curve

The local histogram is modelled as the sum of the two Gaussian curves. Associated a, b and c 

parameters are used to describe the size and shape of the histogram and may be related to informa

tion regarding the crown and ground elements in a scene, as described in the following Sections. 

The fitting algorithm used in this study uses a standard non-linear least squares routine based on 

a%^ minimisation: the Levenberg-Marquadt method (Press et al 1994). The histogram analysis 

was initially applied to the 24 image subsections used above, although a full image-based imple

mentation was later developed for mapping Gaussian-related parameters across large images for 

comparison to parameter mapping derived from the scene modelling inversion.

6.6.1 Local Window Histograms

Image histograms were calculated for local windows only, the size of which corresponded to the 

size of processing in the inversions, i.e. 91x91 pixels at full resolution. It should be noted that 

the size and location of the window will have significant effects on the size and shape of the 

local histogram. Local windows of a single size across any given image will give rise to varying 

histograms. Similarly, variations in the size of the local window around a single point will give 

rise to variations in associated histograms. It is the local variations in histogram shape that should 

allow for a distinction in retrieved parameters across an image. In the context of a forested scene, 

the local window must be large enough to allow for the presence of both crown and ground i.e. it 

should be larger than the size of individual trees. However, it should not be so big that it does not 

allow for local variations in the distribution of crown and ground since it is these variations that 

the Gaussian curve fitting is attempting to identify^.

should be noted that the windows do not have to be very big to produce enough samples for a histogram to be 
successfully inverted.
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For this study, 24 windows sized 91x91 pixels were extracted from the image subsections seen 

in Figure 5.14 to be comparable to the scene-modelling inversion results presented above. His

tograms were calculated for each window using 256 bins equally spaced between the local window 

minimum and maximum DN values. Prior to fitting the histograms were then scaled to lie between 

0 and 100 (along both axes). This allowed for initial estimates of the ai, bi and ci parameters, as 

required by the algorithm used (Table 6.6). Post-fitting, the modelled histograms and associated 

parameters were scaled back to allow for direct comparisons to scene-model inverted parameters.

Gaussian Parameter Initial Estimate
<21 50

25
Cl 15
a2 50
h 75
C2 15

Table 6.6: Initial estimates of Gaussian parameters in histogram fitting (scaled from 0 -100)

6.6.2 Brightness Terms

In this study the scene is considered to be populated by two principal elements (crown and ground) 

with distinguishable spatial and spectral characteristics, thus leading to variable distributions. As

suming that each of these distributions may be described by a Gaussian model, the histogram 

associated with the scene will comprise the sum of two Gaussians, Gi and Gj, each representing 

the distribution of one of the scene elements. Furthermore, given that for the dataset used here 

(i.e. the air-photos) the crown is always brighter than the ground, it can also be said that the Gaus

sian model fitted to the lower end of the histogram will be representative of ground pixels and the 

Gaussian fitted to the higher end, crown pixels. Given that parameter 6 of a Gaussian distribution 

reflects the mean (Equations 5.16, 5.22 and Figure 6.40) it can be seen that an estimate of the 

crown and ground brightness terms may be directly derived by fitting two Gaussians to an image 

histogram and extracting associated values of b\ and 6%.

It has already been noted that the brightness terms retrieved from the scene-modelling inversions 

are not ‘real’ (absolute) values and that only the squared difference between them is valid. For 

this experiment brightness terms were extracted from image subsections using a Gaussian model 

fitting algorithm and the resulting values of contrast k(pc-pg) compared to results from the scene- 

model inversions. Prior to fitting, local image histograms were filtered with a smoothing window^ 

to facilitate the bi-Gaussian fitting. Figure 6.41 shows three two image histograms (both raw and 

smoothed) as well as the bi-peaked Gaussian model associated with the best fit in each case.

’Smoothing window size was 15 (data scaled from 0 to 100).
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Figure 6.41: Raw and smoothed local image histograms, with best fit bi-modal Gaussian curve

The quality of the fit varies across image subsection, although in most cases the Gaussian model 

can be seen to be visually representative of the general shape of the histogram. Standard errors in 

the fitted parameters were estimated using the covariance matrix calculated by the%^ fitting proce

dure* These too, vary across both image subsection and parameter under consideration. Tables 6.7 

and 6.8 show the standard errors in fitted parameters for the crown and ground Gaussian models 

(G2 and G\ respectively) associated with some of the image subsections.

Image Subsection Standard Error
^2 % ^2

A3 23.54 2.35 5.37
A4 4.01 4.28 12.98
B3 22.93 7.27 4.15
Ba 30.24 30.50 21.03
C3 4.27 2.22 2.98
C4 3.06 1.48 1.94
D3 19.12 2.79 3.14
D a 28.12 2.28 5.46
E3 3.97 3.19 11.18
E a 2.34 5.76 19.12
F3 17.50 1.32 2.36
E a 3.81 1.55 2.29

a: Magnitude; b: Mean; c: Peak Width 

Table 6.7: Standard errors in fitted parameters for the ‘crown’ Gaussian model

The errors in fitted parameters can be seen to vary significantly. In some cases errors were small 

for both models (e.g. C4), although there exists a significant amount of variation across image

^Considering a covariance matrix C, the standard error for parameter i, e, represents a measure of statistical uncer
tainty or the "'mean error to be feared' (Gauss 1995) in the best estimate of i. It is calculated as e, = eyfCJi, where 
e is the 'mean error to be feared’ in the observations and C« tire weight of determination from the covariance matrix 
(Whittaker and Robinson 1954).
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Image Subsection Standard Error
6̂1

A3 10.29 9.63 7.67
A4 20.97 2.74 3.74
B3 42.32 2.84 5.68
B4 59.21 2.92 3.04
C3 2.50 3.56 3.83
C4 2.56 1.27 1.11
D3 3.01 3.84 14.15
D a 4.02 9.54 21.05
E3 13.15 2.11 2.75
E a 22.17 1.87 4.86
F3 7.11 5.00 4.73
F a 5.04 0.58 2.16

a: Magnitude; b\ Mean; c: Peak Width 

Table 6 .8 : Standard errors in fitted parameters for the ‘ground’ Gaussian model

subsections, particularly in parameter a\, where the mean standard error was calculated as 16.03 

with a standard deviation of 17.2. There was no evidence for one model consistently fitting better 

than the other, although in both models the parameter related to curve magnitude (a) was mostly 

associated with a higher error than that observed for b and c retrievals. Given that the b param

eters are used in estimating pc and pg for the image histograms the uncertainty in its retrieval, as 

estimated by the standard error in b\ and b2, should be considered when assessing any comparison 

between the histogram and scene-model inverted brightness terms.

For each image subsection inverted b\ and bj parameters were extracted and used to calculate the 

difference term k. Table 6.9 shows these k values, as extracted from the image histogram analy

sis as well as for results from the scene-model inversions^ A correlation between the histogram- 

inverted and the mean over thresholded solutions of the scene-model inverted parameters is also 

given in Figure 6.42 and is shown to have a correlation coefficient of r=0.60.

Note that the retrieved values for pc -  pg associated with the best fit in the model-inversions were 

very similar to those associated with the mean over the top 10 solutions (Figure 6.20) despite the 

same not being true for either absolute values of pc or for values of K  as previously seen. The 

results presented in Table 6.9 indicate that the difference in contrast derived from the two methods 

varies according to the image subsection under consideration. Correlations performed between the 

retrieved k values and associated and 0,2 error terms revealed that differences between the two 

methods were not related to either, producing correlation coefficients of r = -0.23 and r = 0.08 

respectively. Neither method consistently over or under-estimates it and half the results show that 

the increase (or decrease) in estimates of k retrieved using the scene-modelling inversion lie within

^N.B. Subsection A2 is not included as inversion using image histogram analysis failed to converge.
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Image Subsection Retrieved Values of k^
Histogram Analysis Scene-Model Inversions

Best Fit Mean Std. Dev.
Al 0.124 0.508 0.562 0.032
A3 0.500 0.715 0.611 0.122
A4 0.825 0.808 0.743 0.057
Bi 0.816 0.681 0.679 0.067
B i 0.827 0.771 0.769 0.045
B3 0.732 0.735 0.677 0.055
Ba 0.831 0.776 0.819 0.076
Cl 0.539 0.878 0.854 0.074
C2 0.516 0.893 0.810 0.066
C3 0.447 0.812 0.732 0.076
C4 0.635 0.612 0.667 0.073
Dx 0.810 0.869 0.863 0.062
D i 0.810 0.880 0.775 0.071
Ü 3 1.010 0.863 0.820 0.054
D a 0.849 0.859 0.813 0.050
El 0.588 0.595 0.651 0.047
El 0.944 0.830 0.808 0.052
E3 0.831 0.685 0.691 0.063
Ea 0.963 0.782 0.795 0.026
Fl 0.524 0.553 0.578 0.082
Fl 0.634 0.478 0.607 0.115
F3 0.439 0.549 0.444 0.137
Fa 0.671 0.444 0.548 0.118

* k = P c -  pg

Table 6.9: Estimates of k retrieved using image histogram analysis together with estimates re
trieved with the scene model inversions, represented by the mean and standard deviation over the 
top 10 solutions
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Figure 6.42: The correlation between histogram inverted and scene-model inverted values of con
trast k
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15% of the estimate retrieved using the histogram analysis. The remaining suffer differences of up 

to 0.4, which may be considered significant given that this represents an increase by a factor of 3.5 

(Subsection Ai).

Given the exploration of the error surface in the scene-model inversions (Section 6.2.2) where var

ious definitions of contrast were used, it may be more informative to examine retrieved brightness 

terms expressed as the different manifestations of contrast: namely k, K and K'. The former has 

already been discussed above and results found to be relatively successful. Tables 6.10 and 6.11 

show values of K  and K' extracted from both the histogram and scene-model inversions. In these 

cases the difference between values retrieved for the best fit and mean over thresholded solutions 

in the scene-model inversions is significant and therefore both have been included for compar

isons here. Correlations between histogram inverted and the mean over thresholded scene-model 

inverted values can be seen in Figure 6.43, where it can be seen that a much weaker relationship 

exists than that established for k (r  = 0.27 and r = 0.21).

Image Subsection Retrieved Values of /if*
Image Histogram Analysis Scene-Model Inversions

Best Fit Mean Std. Dev.
Al 0.903 0.100 0.056 0.100
A3 0.627 0.000 0.276 0.218
A4 0.361 0.000 0.108 0.127
Bx 0.367 0.360 0.220 0.155
Bi 0.338 0.220 0.116 0.120
B3 0.447 0.000 0.124 0.136
Ba 0.385 0.320 0.156 0.169
Cl 0.542 0.000 0.130 0.171
C2 0.544 0.000 0.130 0.172
Cs 0.583 0.000 0.220 0.171
C4 0.558 0.420 0.208 0.199
Dx 0.330 0.000 0.072 0.094
Ü2 0.321 0.000 0.136 0.156
D3 0.337 0.000 0.104 0.142
Da 0.388 0.080 0.142 0.135
Ex 0.560 0.320 0.092 0.154
El 0.344 0.000 0.076 0.113
E3 0.366 0.200 0.150 0.175
Ea 0.319 0.200 0.064 0.097
Ex 0.611 0.340 0.280 0.183
Fl 0.532 0.580 0.258 0.256
E3 0.664 0.080 0.358 0.282
Fa 0.382 0.560 0.342 0.225

~  PglPg

Table 6.10: Estimates of K retrieved using image histogram analysis together with estimates re
trieved with the scene model inversions, represented by the best fit, as well as the mean and stan
dard deviation over the top 10 solutions



CHAPTER 6. PARAMETER EXTRACTION FROM HIGH RESOLUTION DATA 265

Image Subsection Retrieved Values of
Image Histogram Analysis Scene-Model Inversions

Best Fit Mean Std. Dev.
Ai 1.150 0.196 0.109 0.189
A3 1.014 0.000 0.622 0.447
A4 0.729 0.000 0.336 0.351
Bi 0.803 1.051 0.591 0.367
B i 0.768 0.752 0.382 0.355
S 3 0.756 0.000 0.320 0.334
B a 1.015 1.206 0.537 0.559
Cl 1.570 0.000 0.514 0.612
C2 1.836 0.000 0.438 0.547
C3 1.517 0.000 0.661 0.472
C4 0.923 0.911 0.481 0.440
D i 0.878 0.000 0.352 0.436
Ü 2 0.916 0.000 0.437 0.462
D 3 0.658 0.000 0.412 0.474
D a 0.887 0.489 0.534 0.468
E l 0.865 0.694 0.192 0.309
E l 0.660 0.000 0.261 0.372
E 3 0.633 0.564 0.372 0.392
E a 0.641 0.730 0.222 0.312
El 0.926 0.750 0.599 0.357
E l 0.868 1.077 0.521 0.481
E 3 0.882 0.174 0.619 0.442
E a 0.666 1.034 0.712 0.399

*K' = pglipc -  ro)

Table 6.11: Estimates of K' retrieved using image histogram analysis together with estimates 
retrieved with the scene model inversions, represented by the best fit, as well as the mean and 
standard deviation over the top 10 solutions

From behaviour noted in Section 6.2.2, it may be expected that the value of K' should be the most 

clearly defined and therefore the most accurately retrieved. However, an examination of the results 

shows that this is not the case. Discrepancies between retrieved contrast values from the histogram 

and scene-model inversions as a whole are significantly higher when considering the K  and K' 

results. Use of the best fit in either case does not lead to a significant improvement or degradation 

of results.

In the case of K  and K' though, results for the best fits may be categorised into solutions where 

Pg = ^  and those where pg > 0. For the former, it can be seen that the histogram-inverted contrast 

terms are more similar in value to the best fit scene-model solution rather than the mean. For the 

latter, it is obvious that large discrepancies will be observed because the Gaussian curve fitting 

assumes a bi-modal distribution and does not allow for b\ = A  further examination of the 

cases where > 0 (which accounts for 57% of image subsections excluding Ai) shows that the 

differences between histogram-inverted and scene-model inverted contrast terms are most often
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Figure 6.43: The correlation between histogram inverted and scene-model inverted values of con
trast K and K'

minimised for calculations of K' (rather than k or K, the latter of which produces the largest 

overall discrepancies in > 0 cases).

With respect the various sensitivity experiments that were carried out in Section 6.5 it was thought 

that retrievals of brightness terms incorporating a modelling of the mean brightness response may 

have resulted in more accurate descriptions of the individual scene element pc and pg and therefore 

the contrast between them. As such, results from the best fitting realisations from the LUT with 

a modified error function were also compared to the histogram-inverted brightness terms. In each 

case {k, K, K') the discrepancies between the two methods were found to increase for the majority 

of image subsections tested. Discrepancies between results of varying window size for retrieved 

estimates of k and K were found to be highest at the smallest window size (31x31 pixels) and 

surprisingly, smallest at a window size of 91x91 pixels despite this not being the largest window 

size tested. Reasons for this are not clear.

6.6.3 The Retrieval of Canopy Cover

In addition to the use of the b parameters in estimating brightness terms from a scene, the Gaussian 

models can be used to provide independent estimates of forest cover, using the a and c parameters 

and estimates of scene element proportions as follows:

Given the definition of the standard normal curve, i.e. Equation 5.22 where cr  ̂ = 1 and x = 0 and

y =
cr

exp -
(x -  x f  

20-2
(6.21)
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and further noting the fact that the area under this curve is equivalent to unity = 1), then

it is clear that an estimate of the standard deviation of peak i (cr,) is related to c, and this, in turn, 

can be used to derive A,,

cri -  y  (6.22)

Ai = aiCTi (6.23)

Estimates of the area under each fitted Gaussian, A\ and A2 were then used to estimate the pro

portion of one area in respect to the area as a whole, which could be related to the proportions 

of each scene element. Of particular relevance was the proportion of the scene covered by the 

crown component, which represents an independent estimate of crown cover for comparison with 

results retrieved from the scene-model inversions. Table 6.12 shows the histogram-inverted and 

scene-model inverted estimates of forest cover. Estimates are given for the best fit model realisa

tion only given the lack of variation in the mean retrieved values (all lying within 63-66% with a 

4-5% standard deviation).

The results show the histogram inversions of forest cover to span a much larger range of values 

(28-91%) in comparison to the scene-model inversions (54-73%). The magnitude of difference be

tween retrievals varied from 1% to 37% with a mean of 16.5%, therefore proving to be relatively 

high. Considering only the image subsections where > 0 though, this mean difference between 

inverted results dropped to 2.6%. Similar patterns were found at all window sizes, although the 

discrepancies between histogram-inverted and scene-model inverted retrievals of forest cover ap

peared to drop (for the majority of cases) as window size decreased. At all window sizes the single 

biggest hindrance to an agreement of results was thought to be the lack of simulations where forest 

cover fell under 50%.

Discrepancies between histogram-inverted and scene-model inverted forest cover (and brightness 

terms) have been shown to be significant in a number of cases, particularly those where solutions 

from the scene-model inversions incorporate a contrast term of = 0. The inability of the his

togram fitting algorithm to account for this possibility (as implemented for this particular study) 

has necessarily led to large differences in retrieved results. The remaining cases though (where 

1 > > 0) show a much closer agreement of results between the two inversion methods. It should

be noted that the results presented for the histogram inversions do not necessarily represent ‘real’ 

values; the fact that there is a necessary level of uncertainty associated with both methods should 

therefore be borne in mind when making any comparisons between them.
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Image Subsection Retrieved Forest Cover (%)
Histogram Inversions Scene-Model Inversions*

38.78 57.38
As 43.20 68.52
A4 72.90 67.51
B i 63.38 72.31
B i 82.12 57.90
B3 59.38 65.27
B a 57.39 73.35
Cl 46.02 66.68
C2 59.60 70.85
C3 73.05 66.27
C4 28.05 56.06
Di 73.50 55.59
Ü 2 76.71 64.74
D3 39.54 68.75
D a 43.06 63.56
Ex 48.96 64.04
E l 52.96 70.12
E3 72.98 60.42
E a 62.96 64.04
Ex 40.88 69.04
El 52.17 58.28
F3 40.32 69.19
Fa 91.42 54.23

*Best Fit Realisation only

Table 6.12: Estimates of forest cover retrieved using image histogram analysis together with esti
mates retrieved with the scene model inversions, represented by the best fit realisation
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6.7 Parameter Mapping
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The results presented thus far pertain to individual 'windows' of data extracted from the aerial 

photographs. An analysis of these results has been instructive in understanding the local behaviour 

and in identifying variations in the implementation to which the inversions are sensitive. However, 

it was thought that an inspection of results for larger subsections of data would also be informative 

with regard to mapping capabilities of the methods (e.g. examination of stability across adjoining 

local windows).

In this section both the Gaussian model fitting to local image histograms and the variogram com

ponent modelling method are applied to larger subsections of data and a full map of parameters 

over the central area of Cat Tien National Park is provided in Section 6.7.2. Behaviour of results is 

primarily exemplified with the use of a single example to aid comparisons across methods. This ex

ample comprises an image subsection sized 5(X)x5()0 pixels taken from an aerial photograph dating 

1965 (flight line USN3810: see Table 3.1) and can be seen in Figure 6.44. Note that the subsection 

contains a number of features for examining the stability of the method including a small area of 

wetland with no vegetation, topographic shadowing that has not been removed through detrending, 

variations in tree size across the image and a large area of significantly brighter reflectance (albeit 

still covered in vegetation).

Are* of high

Figure 6.44: An image subsection taken from an aerial photograph centered over Bau Sau (1965), 
for use in investigating the parameter mapping capabilities of the histogram fitting and scene mod
elling inversions

The image subsection was processed at two window sizes (31x31 and 91x91 pixels) for both 

methods. In the case of inversion using the variogram component modelling this involved using 

single albeit different, LUTs calculated for directional variograms. Given the high resolution of 

the data, it was thought that local image histograms would not vary significantly pixel-to-pixel and 

as such, the image was subsampled so that only every other pixel was processed. Outputs from 

the two methods varied, although both provided an estimate of the brightness terms at each pixel 

as well as an estimate for crown cover in the local window. In addition, the variogram matching
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algorithm retained the RMSE value associated with each best fit and produced maps of parameters 

associated with the best fit LUT point including mean retrieved DBH, tree density, crown diameter 

and tree height.

In the Sections that follow, the application of the two inversion methods to parameter mapping is 

discussed and the histogram analysis used as a point of comparison for the variogram matching 

results. Results are presented in terms of retrieved brightness terms pc and k and estimated forest 

cover Pr.

6.7.1 The Retrieval of Brightness Terms 

Image Histogram Fitting

Figures 6.45 and 6.46 show maps of retrieved pc and k values using the histogram fitting inversion 

across the image subsection shown in Figure 6.44, for an operating window size of 31x31 and 

91x91 pixels. Note that the pc and pg (and therefore k) values have been scaled to coincide with 

the mean response from the original image, although in this case it is the relative changes across 

the scene that are of interest rather than the absolute values per se. Note too that a non-linear scale 

has been used in both Figures to aid interpretation.

op eratng Window Size: 31x31 Op crating Window Size: 91x91

381 17

Figure 6.45; Retrieved values of crown brightness pc from image histogram fitting for two operat
ing window sizes

It is clear that although differences in the retrievals with different window sizes may be present 

(particularly in the shadowed area) the general patterns observed in both are similar. As expected, 

the crown is brighter than the ground {pc > pg) in each case. The most interesting observation 

regarding Figures 6.45 and 6.46 is the fact that retrieved values of crown brightness (and contrast) 

vary across the image. A visual comparison of the image data in Figure 6.44 shows that in shad-
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Operating \Vmdow Size 31x31 Op crating Window Size; 91x91

874 25056

Figure 6.46: Retrieved values of Crown-Ground Contrast k from image histogram fitting for two 
operating window sizes

owed areas retrieved Pc is relatively low (particularly for a window size of 31x31) and in the area 

of high brightness pc is relatively high.

The wetland area evidently presents a problem to the method and does not reflect ‘real’ values of 

either pc or k, although it may be noted that it is identified as an area of low contrast (albeit not 

no contrast). The problem arises for many reasons. The first is that although the wetland appears 

flat with respect the full scene, within a local window on the scale of the operating window sizes 

considered here there may exist a large enough variation in DN values to consider the fitting of 

a bi-modal Gaussian. In such cases, the models are fitted and result simply in excessively high 

Pc and pg values. In addition, the range may be limited in comparison to the rest of the scene, 

hence the low contrast observed. Secondly, problems arise because of the inability of the method 

to consider uni-modal or flat histograms. Should the local histogram be flat within the wetland 

(which as stated may be unlikely) the algorithm is ‘forced’ to fit a bi-peaked Gaussian regardless, 

so that ‘successful’, albeit inaccurate, values of pc and pg are returned and the contrast between 

them simply low. It would seem then, that an attempt at masking out the wetland areas should 

possibly be performed prior to full image processing.

Disregarding the wetland area and other obvious regions where the inversion has failed (e.g. lower 

right comer of the image window size 91x91), visual variations in brightness across the image 

appear to be well identified in the Pc and k parameter maps. This may be considered to be a 

major advantage of the histogram inversion technique as it implies that the method is adaptive to 

local changes in scene element brightness^®. In the area of shadow, the scene appears darker as 

a whole. This does not necessarily reflect an increase in ‘ground’ pixels; rather, the brightness

*°Note again here that pc in this study does not refer to crown reflectance, which would be expected to remain constant 
across an image. Rather it refers to the brightness, which may vary with viewing and illumination angle, topographic 
effects etc.
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of the crowns within the area is dampened by the shadows. The same (vice-versa) is true for 

the noticeably bright areas in the image. Figure 6,45 shows that these variations are successfully 

identified, resulting in the noticeable local variations in retrieved crown brightness. With regard 

to the contrast between the crown and ground. Figure 6,44 shows that in the sunlit area of the 

image the contrast is very low, whereas in the shadowed portion the contrast is still noticeable 

even though the overall brightness of either element may be dampened. As can be seen in Figure 

6,46 the histogram fitting inversions successfully identify this too.

It may be noticed that the identification of the ‘dampening’ effect in retrieved Pc values is poorer 

for the inversions using an operating window size of 91x91 pixels. This highlights the importance 

of window size with respect to the location of sunlit and shadowed areas. Considering Figure 6,47 

it is clear to see that the histogram derived from window I will be significantly different to that 

calculated for window II. In the case of / /  it can be seen that the local histogram maximum will 

be significantly lower than that for window I and as such, the centroid of each Gaussian model fit 

will be lower thus accounting for local ‘dampening’ effects on crown brightness.

' Window I =Window U

Ü â i à , .
0 256 0 256

Figure 6,47: The effect of window size on the local image histogram and by association on the 
retrieval of crown and ground brightness terms

It can therefore be seen that if the size of the local window for operation is larger than the average 

size of the features inducing topographic shadows, the presence of ‘confusing’ brightnesses may 

be noted i.e. there will be two sets of ‘real’ ground and crown brightness values within a single 

histogram from which only one set must be extracted. This effect is clearly noted in the retrievals 

of k for the 91x91 pixel window (Figure 6,46), where there is a tight band of very high contrast 

along the boundary of where the shadowed portion of the image meets the sunlit portion and the 

local window will have straddled the two.
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Variogram Matching
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The same image subsection and operating window sizes were used in the variogram matching 

inversion. Results for retrievals of crown brightness and contrast can be seen in Figures 6,48 and 

6,49. Note that the absolute values of Pc are given with a different scale because of irreconcilable 

differences in retrievals of absolute values between the two methods (i.e. retrievals did not overlap 

at all). However, the scale of k can be seen to be the same.

Operaling Window Size: 31x31

5#
N? r

Operating Window Size: 91x91

3168 A 20978

Figure 6.48: Retrieved values of crown brightness pc from the variogram matching algorithm for 
two operating window sizes

operating Window Size: 31x31 Operating Window Size: 91x91

i

25056

Figure 6.49: Retrieved values of Crown-Ground Contrast k from the variogram matching algorithm 
for two operating window sizes

With regard to retrievals of absolute brightness pc, despite the inconsistency in the actual values 

retrieved the patterns for both window sizes can be seen to be very similar to those retrieved with 

the histogram fitting. The same is true for retrievals of k. This implies that the variogram matching 

inversion is relatively stable with regard to retrievals of brightness terms (using the histogram- 

inverted results as the point of comparison) and produces reliable estimates of contrast. One ex-
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ception is the retrieval of very low pc and k values aeross the area of high brightness identified 

in the image, whieh implies a flaw in the method and requires further work to eorrect. Note that 

the two methods differ for the wetland area in that the variogram matching algorithm produces a 

much smoother delineation of it, especially in the smaller window size and identifies it as an area 

of very low contrast with low crown and ground brightness. However, it was thought that a mask 

for the wetland areas would still be appropriate especially for the larger window sizes, where the 

boundary is less well defined.

6.7.2 The Retrieval of Canopy Cover

The results presented above have shown the two inversion methods to be reliable and stable in their 

behaviour across an image, with respect to each other. The results are encouragingly comparable, 

which suggests that the modelling of brightness terms has been successfully achieved. The stability 

and spatial behaviour of extracted tree parameters though is not necessarily guaranteed and the 

results concerning forest cover (given that this is calculable from the two inversion methods) are 

therefore presented here. Figure 6.50 shows forest cover retrievals from the image histogram fitting 

inversions. Note that the range of retrievals was limited and as such, the results are shown for a 

limited scale only (40-80%).

Operating Window Size; 31x31 Operating Window Size: 91x91

*

Forest Cover 8 0 %

Figure 6.50: Retrieved values of Forest Cover from image histogram fitting for two operating 
window sizes

A differentiation between areas of the image is clear in both window sizes, albeit more pronounced 

in the 91x91 window case. There appears to be some correlation between areas perceived as low 

cover and shadowed areas in the scene. Note that the noticeable changes in tree size seen in the 

raw image have been identified (with the 91x91 window) as areas of varying cover. Given that all 

of this scene (except the clearly defined wetland area) appears completely covered in vegetation 

albeit of different sizes, it is not surprising that the inversion has produced results within a limited
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range of values. The ability of the method to distinguish between areas in the image though, is 

encouraging. Note that the wetland area has produced erroneous results highlighting the need for 

a suitable method of masking wetland areas for applications to full image processing.

Figure 6.51 shows forest cover retrievals from the variogram matching inversions.

Operating Window Siic: 31x31 Operating Window Size 91x91»
50 Forest Caver 75%

Figure 6.51 : Retrieved values of Forest Cover from variogram matching for two operating window
sizes

There are a number of features to note regarding the retrievals of forest cover from the variogram 

matching inversions. The first is that results vary significantly according to the operating window 

size. This suggests a particular sensitivity of the method to window size in accordance with the 

results seen in Section 6.5.1 above. At the smaller operating window size (31x31 pixels) there 

appears to be no distinguishment between broad areas of the image and forest cover retrievals 

are significantly lower than those estimated using the larger operating window. With regard to 

the 91x91 pixel window the method appears spatially stable (i.e. forest cover retrievals do not 

vary pixel-to-pixel in a random fashion), although the difference between regions is not as marked 

as that seen using the histogram matching inversions. Again, the range of forest cover retrieved 

is very limited with most pixel estimates lying between 60% and 70% (hence the less visible 

distinctions between areas of the image). The wetland region is characterised by a more smoothly 

varying function of forest cover retrieval, although is not immediately identifiable as a region in 

its own right unlike in Figure 6.50 above. Retrievals over the area of higher brightness in the 

bottom half of the image relate to those retrieved using the histogram inversions in that they are 

generally higher than the surrounding areas, although in the case of Figure 6.51 the difference is 

not as noticeable because it is of a much smaller scale. The areas of varying tree size though, are 

not clearly identified.

The variogram matching inversions as applied here may be seen to be of limited success. The 

retrieval of brightness terms has been shown to be both spatially stable and comparable to results
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obtained through an independent analysis of image histograms. The retrieval of forest parameters 

though, as represented by forest cover does not compare favourably with the histogram-inverted 

results. However, given the behaviour regarding estimating crown and ground brightness this in

ability to differentiate well between areas of varying forest structure may be attributable to the 

inappropriateness of the spatial model rather than with the method per se. As detailed in the 

preceding chapter, the scene model was parameterised with data collected over 22 ground plots 

randomly distributed throughout the field site. Parameterisations of the model given this lim

ited set of data may have led to inaccuracies in establishing allometric relationships between tree

structural parameters. In particular, the use of a single driving variable DBH, may be considered 

inappropriate. In addition, the necessary simplifications involved in abstracting the scene to sim

ple geometric shapes may have led to further inaccuracies in the representation of vegetation on 

the ground, which may have been compounded by the disregarding o f understorey effects. The 

significant time lapse between image acquisition and ground data collection may also have led to 

the development of an inappropriate scene model. In particular, the well-known effects of military 

defoliation and anthropogenic deforestation in removing the larger trees (such as Lagerstroemia 

and Dipterocarps) means that these may be significantly under-represented in the scene model.

In retrospect, the use of historical imagery over Cat Tien may not have been the most suitable 

dataset for testing the variogram inversion method. In addition to the difficulties associated with 

building an appropriate scene model, an assessment of the method is hindered by the fact that 

there are no areas (besides the wetland) where forest cover is low. Variations in forest structure 

may exist but they will inevitably be subtle since the imagery under examination pre-dates any 

military defoliation or large-scale anthropogenic deforestation. It is therefore not surprising that 

estimates o f forest cover do not vary much across any individual local area. This problem may 

be compounded by the issue of saturation in the variance signal at high levels of forest cover as 

demonstrated in Figure 2.2 and discussed in Chapter 2.

A Map of Tree Structure for Cat Tien

Given the spatial stability of the variogram matching inversion method as shown above and despite 

the small range of variability shown for the image subsection, full images over Bau Sau in Cat 

Tien were processed to produce ‘maps’ of tree structure in terms of forest cover. An example is 

shown below in Figure 6.52, which was created using isotropic variogram inversions with a 91x91 

operating window size over a detrended air-photo.

A transformation as defined in Chapter 4 has been used to resample the parameter map into a 

geo-referenced co-ordinate space. This has allowed it to be draped over the DEM to acheive the 

three dimensional visualisation seen. A threshold on the local window variance has been used to
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55% Forest Cover 75%

Figure 6.52: Map of forest cover generated by the variogram matching inversion, overlain on local 
DEM

mask out key wetland areas. Although such a masking may not be 100% accurate in identifying 

all wetlands, a visual inspection shows that it has at least identified the major areas.

As before, the variation in forest cover from this air photo can be seen to be minimal. Some 

spatial patterns are present though and the small range o f results is more likely to have arisen from 

a lack of significant variations in forest cover on the ground, rather dian a fundamental problem in 

the inversion procedure itself. It is acknowledged that an application o f the variogram matching 

inversions over an area of more varying forest cover would be required to fully test the ability of 

the method to highlight variations in forest structure.

6.8 Future Paths of Investigation

The results o f the histogram fitting and variogram matching inversion methods presented in this 

chapter give rise to a number of issues regarding the implementation that should be considered in 

any future investigations founded upon this work. The scope of this study has been necessarily 

limited, both in terms of the datasets attainable and with respect to time and resources available. 

It is the aim of this section to briefly discuss the potential uses and modifications o f the methods 

described herein for future studies.
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6.8.1 Histogram Fitting with Gaussian Models

The local image histogram fitting with 2-peaked Gaussian models has produced stable and poten

tially accurate results. In this study, its usage has been limited to acting as a point of comparison 

for inverted parameters given the lack of validation data. However, it is clear that there are many 

potential uses of such a method within the framework of the variogram matching inversion. Prin

cipally, the histogram inversions could be used to provide preliminary inputs to the variogram 

matching. Given the correspondence in retrieved brightness values between the two methods in 

particular the k contrast term, it is clear that instead of solving for pc and pg in the variogram 

matching algorithm, these values could be kept constant at estimates made using the histogram 

inversions. Similarly initial estimates of crown and ground proportions could be used to limit the 

search space within the forest structure LUT, which would allow for the incorporation of much 

denser sampled LUTs without grossly affecting the efficiency o f the inversion. The method may 

particularly benefit from the latter of these ‘histogram estimates’ as they would constrain the so

lutions for the scene-model inversions and stabilise parameter retrievals (i.e. reduce the variability 

in retrieved parameters over the thresholded set of solutions). However, incorporation of crown 

proportion estimates from the histogram analysis may be hindered by the fact that the simulations 

as they currently stand are not inclusive of realisations where canopy cover falls below «50%.

In addition, there has been no accuracy assessment on the histogram-inverted estimates of forest 

cover given the lack of validation data. It is clear that such an assessment may be needed if the 

histogram analysis were to be used as a constraint in the LUT.

In addition to potentially aiding and improving the variogram matching inversions, it is clear that 

the Gaussian model fitting of the histograms could be exploited in its own right. In each case, 

the appropriateness of a multi-peaked Gaussian model for describing the histogram needs consid

eration. The method relies on the presence of clearly definable features within the local image 

histogram such as the stipulation in this case that the crown pixels should always be brighter than 

the ground. Given this, it is clear that the method could be used as a classifier of sorts. The fact 

that the method works on inherent image information (histogram only) suggests a similarity to 

an unsupervised classification, although there are many ways in which the two techniques dif

fer. Firstly, the features to be retrieved are known in the Gaussian model fitting case (magnitude, 

centroid and width) whereas they are not in an unsupervised classification. Furthermore, the his

togram inversions act on local information only (rather than on statistics derived from the whole 

image). This provides the Gaussian fitting algorithm with the major advantage of being adaptive 

to local changes in brightness that may arise due to topographic effects or varying viewing and 

illumination configurations (Figure 6.45). It should be noted that this is also true of the variogram 

matching inversions, which proved to be adaptive to local changes in brightness.
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Other advantages of the histogram fitting inversions include the fact that the local window his

togram will not be expected to vary significantly pixel to pixel which allows for subsampling 

of the raw data and increased efficiency. In addition, as illustrated in this study, the method works 

well for panchromatic imagery. This could make it very useful to studies monitoring long-term 

temporal effects of vegetation change that necessarily incorporate historical imagery, which is pri

marily panchromatic. However, it should be noted that the histogram analysis will be necessarily 

affected by the viewing configuration of the sensor, where accurate retrievals of forest cover may 

be hindered by large viewing angles.

6.8.2 Variogram Matching

As previously stated, a major frustration in assessing the variogram matching results from this 

study has been the lack of validation data. The histogram inversions provided a framework within 

which to gauge the sensitivity and diversion of results but inevitably the histogram analysis will 

be subject to its own levels of uncertainty and as such, cannot be taken to represent ‘real’ expected 

results. This lack of validation encompasses one of the major drawbacks to the work presented 

herein and raises the issue of appropriateness of the data. A justification for the choice of data 

has already been given in Chapter 1. However, in retrospect it is thought that a full assessment 

of the variogram matching method developed here would have been better placed using a well- 

established field site with an existing framework for large-scale instrumentation and collection of 

ground data e.g. Danum Valley in Sabah, Malaysia, although the method is not necessarily re

stricted to the characterisation of tropical forests and may be equally applied to areas of temperate 

vegetation with appropriate datasets.

The limited validation and field data could also have led to inaccuracies in parameterising the 

scene model, which may have been compounded by the necessary simplification of the scene 

needed to abstract it to the ‘spheroids on sticks’ seen in this study. It is acknowledged that the use

of the single driving variable DBH, whilst simple and practical for generating the simulations may 

not have been the most appropriate descriptor of tree structure. It is furthermore acknowledged 

that, although the inter-relationships between tree parameters have been accounted for in this study

(Section 5.5.4), the scene modelling would undoubtedly benefit from the de-coupling of DBH  from 

other parameters such as tree height. In addition, the incorporation of a growth model may improve 

the understanding and simulation of variations in tree size. As has already been acknowledged, the 

simulations for Cat Tien may also benefit from the incorporation of an understorey since this was 

found to form a significant proportion of the vegetation on the ground (although the majority of it 

comprised stems <8cm and as such was not measured). Another factor thought to be significant

'Note that this may not be true in boundary areas between sunlit and shadowed portions of a scene.
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in influencing the parameterisation of the scene models is the level o f variance incorporated into 

the simulations. Although this was determined through an analysis of the variance observed in 

the field measurements it did not include a consideration of any potentially larger spatial patterns 

present in the inter-relationships between tree structural variables. Ground data were collected 

over a series of localised plots (22 plots, 15x30m in size). Relationships established between

DBH  and other stmctural variables were then based on observations of behaviour across all the 

plots together. This was necessary given the small number of samples in any single plot. However, 

it is acknowledged that there may exist larger spatial patterns determining the nature of the inter

relationships between tree stmctural variables, which were not accounted for here. As a result, 

the variance incorporated into the simulations may be overestimated. An overestimation in the 

variance may also account for the significant range in parameter values retrieved for the ‘top 10 

fits’ across the LUT. It may also be responsible for the small range in forest cover provided by the 

various realisations of forest stmcture, although this may also in part be attributable to the fact that 

the data themselves cannot be seen to vary much in cover. There are no extensive areas within the 

aerial photographs where vegetation cover is significantly reduced (bar over the wetland, which is 

excluded from investigation). The stmcture may vary but variations are most likely to be subtle 

highlighting again the fact that the study may have been better placed elsewhere.

Despite these acknowledged flaws in the variogram matching algorithm as currently implemented 

there is no doubt that a number of further investigations could be made to improve results and re

fine the method. The inclusion of multiple LUTs comprising a denser sampling of forest stmcture, 

multi-directional component variograms or variations in the definitions of inter-relationships be

tween tree stmctural parameters would undoubtedly improve the likelihood of finding a fit between 

experimental and modelled variograms. Fitting to multiple LUTs may also reduce the variability 

found in retrieved parameters, given that a smaller set of simulations would provide an equally 

good fit to all conditions of the LUTs.

Furthermore, the inclusion of a modelling of the mean response should improve and stabilise the 

inversion. Such an inclusion has only been briefly investigated here and it is thought that further 

examination would benefit results. It is recommended that any future implementation should be 

based around use o f the contrast term K', which has been shown to orthoganalise the error surface 

and produce a well defined minimum even if the comparative results with the histogram analysis 

have shown it to be a less consistent parameter for retrieval.

Given the problems identified with the implementation o f this variogram matching inversion tech

nique the advantages over use of a simple authorised model fitting algorithm may be brought under 

question. The ability of the variogram matching method to accurately ‘fit’ an experimental var

iogram has been demonstrated above (Figure 6.21). However, in most cases it could be argued 

that an exponential model would fit the general shape just as well and the advantage, or even ne-
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cessity, of fitting to high frequency oscillations beyond the range is debatable. However, the fits 

must be judged with respect associated information that is retrievable from them. In the case of 

the exponential model the retrievable property is the variogram range. From this, a number of 

empirical relationships to various scene characteristics, most notably those related to object size, 

may be made. However, it has been demonstrated in this study that the range associated with any 

given variogram is spectrally dependent. It is therefore not an objective measure that can be easily 

interpreted across multiple images. Neither can it be simply linked to physical properties relating 

to objects in the scene. On the other hand, tree parameters retrieved from the variogram matching 

inversion may be literally interpreted, given that the ‘model’ variograms used in the fitting result 

from a physical realisation of forest structure. As previously stated, in the case of remote sensing 

it is clear that there is no need to abstract the model variogram to a simple shape such as the ex

ponential or spherical, because of the large number of samples available to build both model and 

experimental variograms. It is therefore thought that the variogram matching method described 

herein may be appropriate for geostatistical analysis of remote sensing data.

The application of the variogram matching method as described in this and the preceding chapter 

is necessarily restricted to data with a high enough spatial resolution to adequately characterise an 

experimental variogram related to the features of individual trees. However, it is acknowledged 

that such data are not always available for the spatial and temporal analysis of vegetation cover. 

The following chapter therefore provides an application of the method to a dataset o f coarser spatial 

resolution (albeit with better spectral and angular sampling), and details the necessary adaptations 

required with regard to the modelling of semivariance.
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7.1 Introduction

Chapters 5 and 6 have described the development of a scene-model based approach to extracting 

forest structural parameters from remote sensing data. Thus far it has only been demonstrated for 

high resolution data comprising the air-photos over Cat Tien. As has been noted in the previous 

chapter, spatial variations in forest structure identified with the scene modelling inversions were 

found to be small. This can be explained by the fact that the data were acquired in 1965 and 

1966 i.e. at the start of the large defoliation campaign in the area. That vegetation in the Park 

was immediately affected by this defoliation has already been demonstrated (Figure 1.1 in Chapter 

1). However, to determine whether there were any long-lasting changes in forest structure would 

require a temporal analysis of multiple data. Such data would ideally comprise recent imagery 

of a similar resolution, preferably comparable air-photos dated post 1975 or more recent high- 

resolution satellite data. The former have been unattainable within the scope of this stud, as have 

the latter, although with the nomination of Cat Tien as a reserve site for data acquisition from 

the recent CHRIS sensor it is hoped that a set of comparable data will be forthcoming^. The 

CHRIS sensor provides multi-angular data in 18 wavebands at a spatial resolution of 18m. Given 

the significant degradation in spatial resolution it is clear that the use of such data in a temporal 

assessment of forest structure using the scene-modelling inversions previously described would 

require some modifications to the implementation of the method.

Indeed, any successful method developed for spatial and temporal analysis of land cover change 

should be applicable to the multiple datasets necessarily involved. It is therefore the aim of this 

chapter to investigate some of the necessary modifications to the implementation of the scene- 

modelling inversion technique used in Chapters 5 and 6 that would be required in the face of 

alternative data. A detailed consideration is first given to an application o f the method to data of 

medium spatial resolution. Given that CHRIS data over Cat Tien was unavailable at the time of 

the study, comparable data have been used albeit over a different field site. These comprise a set 

of multi-angular, multi-spectral AirMISR images acquired over Mongu, Zambia, co-registered at 

a spatial resolution o f 27.5m. Details of the data can be found in Chapter 3 (Section 3.3.5).

In addition, an examination of the wider context of the method developed herein is given. This 

consists of a discussion of further applications for vegetation monitoring in Cat Tien, as well as a 

feasibility study for implementating the methods to data acquired over a temperate field site. This 

includes a consideration of both hyperspectral optical imagery as well as multi-polarisation radar 

data.

*It may be noted that the first CHRIS image over Cat Tien was acquired on 5th April 2003, too late for consideration 
within the scope of this study, albeit promising for any further investigations leading from here.
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7.2 Preliminary Exploration of AirMISR Data
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Prior to any application of the scene-modelling inversion technique to the AirMISR data over 

Mongu a preliminary exploration of the dataset was required. This was used to explore variations 

in spatial, spectral and angular sampling in comparison to the Cat Tien air-photos and to determine 

the consequent effects on implementing the scene-modelling approach.

7.2.1 Spatial, Spectral and Angular Sampling

Given a 27.5m pixel size, the AirMISR data suffer from a significantly poorer spatial resolution 

than that o f the air-photos^. However, they provide a wider range of both spectral and angular sam

pling collecting data in 4 spectral waveband, over 9 view angles (see Section 3.3.5). Examination 

of a simple false colour composite of the data for the Near-Infrared (NIR), Red and Green bands 

at nadir (Figure 7.1) clearly shows the presence of a multi-spectral signal. Variations in colour 

correspond to differences in the spectral response of the land eover types present in the scene (al

though clouds are also visible). Distinctions between land cover within and beyond the Kataba 

Forest Reserve can be made and are most likely attributable to variations in vegetation structure.

m

Figure 7.1: False colour composite o f near-infrared, red and green AirMISR bands at nadir

In addition to the clear presence of a multi-spectral signal, the data are multi-angular by nature 

and variations in spectral response attributable to varying view zenith angles (vza) can be seen in

^Note that the raw data do not have a fixed pixel size; the spatial resolution varies from 7x6m at nadir to 21x55m at 
the most oblique imaging angle. To allow for co-registration and multi-angular analysis though, the data are resampled 
to a uniform pixel size of 27.5m.
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Figures 7.2 and 7.3. The former shows the mean reflectance extracted from the red band over all 

imaging angles. The latter is a false colour com posite of directional reflectance made up of data 

extracted from the red band at a vza of 45.6°, 26.1° and 0.0°. In the same way that variations 

in colour represent spectral response variations in Figure 7.1, the variations here correspond to 

differences in the directional response of the land targets.

(a) S im ila rly  S caled  D irectional Im agery

g  0 .4 0

0  0 .3 0

0.20

E 0.10
- 8 0 . 0 - 3 0 . 0 7 0 .020.0

(b) C orresponding D irectional M ean R esponse

Figure 7.2: Similarly scaled images and mean reflectance variations across view angle for A ir
MISR data over M ongu, acquired at: -70.5°, -60.0°, -45.6°, -26.1°, 0.0°, 26.1°, 45.6°, 60.0°, 70.5°

Given the variations noted in Figures 7.1 to 7.3, it was thought that the additional spectral and 

angular information contained in the AirM ISR data may com pensate for any loss of information 

incurred by a lower spatial resolution, in applying the scene-m odelling inversions for deriving for

est structural parameters. The lower spatial resolution does however dem and a different approach 

to the method as a whole, as described below.

7.2.2 Authorised Variogram Model Fitting

The scene-modelling inversions described in Chapter 6 relied on the calculation and subsequent 

interpretation of local window variograms extracted from the air-photos, with particular reference 

to the manner in which the variograms could be related to individual tree characteristics. Before 

applying the method to the AirM ISR imagery then, a prelim inary analysis of variograms derived 

from the data and their relationship to interpretations of canopy structure was conducted within a 

framework of traditional authorised variogram model fitting (using an exponential model).
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Figure 7.3: False colour composite o f the red AirMISR Band over Mongu, at 45.6°, 26.1° and 
nadir (0.0°)

Directional variograms (N-S) were computed over local windows (61x61 pixels) for 20 random in

dividual pixels extracted from a single wavelength (near-infrared), single view zenith angle (nadir) 

image. These can be seen in Figure 7.4 (a), where variations in the shape of the variogram associ

ated with the location of the pixel in the scene can be observed and may possibly be attributable to 

spatial variations in land cover. Variograms calculated for any single pixel were also found to vary 

both as a function of wavelength and as a function of view zenith angle as can be seen in Figures 

7.4 (b) and (c) respectively.

Given the previous analysis shown in Chapter 5 Section 5.8, it is particularly interesting to note that 

the range associated with experimental variograms vary spectrally. Tables 7.1 and 7.2 show the 

spectral and angular variations in range extracted from variograms using the exponential model. 

Note that in both cases the variogram has been scaled by an arbitrary factor of 10000 prior to 

fitting. This was done purely to aid the fitting algorithm, which does not perform as well on very 

small numbers. Note too, that in both cases results using the blue band of data are not included. 

This is due to the very poor calibration of the blue band (see Section 3.4), which inhibited the 

calculation of reliable experimental variograms. Similar effects of poor calibration can be seen at 

very oblique angles particularly for the green band, where the retrieved range is not always valid.

Table 7.1 refers to a single local window centered on a pixel located within the Kataba Forest 

Reserve and Table 7.2 refers to one located in the area o f sparser vegetation found directly north 

to the Reserve. Note that the ranges vary between the two pixels as well as across wavelength and 

vza demonstrating the influence of land cover type on the shape of the variogram.
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Figure 7.4: Changes in variogram shape attributable to spatial variations across an image, as well 
as the spectral and angular sampling of the data

View Zenith Angle Retrieved Range*
Red Green NIR

-70.5° 34.81 0.00 44.03
-60.0° 26.27 30.06 6.45
-45.6° 14.66 8.00 4.31
-26.1° 12.47 8.01 3.65
0.0° 13.09 7.37 3.83

26.1° 12.38 7.50 4.12
45.6° 12.76 6.54 4.85
60.0° 17.36 11.49 6.72
70.5° 32.05 0.00 12.27

*U sing E xponentia l M odel

Table 7.1: Spectral and angular variations in the range retrieved using an exponential model for 
variograms calculated from a 61x61 pixel local window centered on the Kataba Forest Reserve
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View Zenith Angle

-70.5'
-60.0=

-45.6'
-26. r
0.0 '

26. r
45.6'
60.0'
70.5'

Retrieved Range*
Red

24.15
16.95
14.80
13.75
13.59
13.94
14.00
15.80
24.72

Green
93750.00

13.77
14.80
14.38
14.67
14.90
14.70
16.13
89.97

NIR
32.27
21.53
18.18
19.66
22.18
23.60
22.17
23.61
32.42

♦Using Exponentia] Model

Table 7.2: Spectral and angular variations in the range retrieved using an exponential model for 
variograms calculated from a 61x61 pixel local window centered on an area o f sparse vegetation 
located outside the Kataba Forest Reserve

Although the tables here refer to retrieved values of the range only, it is clear from Figure 7.4 that 

the sills in each case vary both spatially and as a function of view zenith angle and waveband. The 

spectral and angular variation in range retrieved from experimental variograms is also visualised 

in Figures 7.5 and 7.6. These show the range as a function of both waveband and view zenith 

angle, retrieved from variograms calculated over a moving window sized 61x61 pixels using a 

range indicator for an exponential model (see Section 5.2.3) with 5 lag samples.

RedBand Green Band

1.3km

Near-Infrared Band 

N

Range indicator

Figure 7.5: ‘Range Maps’ from multi-spectral AirMISR data imaged at nadir, retrieved using an 
exponential range indicator

The spectral variations in range for data imaged at nadir are clear to see and although some general 

patterns may be observed throughout, the differences highlight the previously discussed problems 

associated with using the range o f a semivariogram as an objective measure representing object 

size. Variations attributable to the angular sampling o f an image are more subtle (bar at the most 

oblique angle), although a steady increase in retrieved range with increased distance from nadir
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%

60  0° 70  5°

Range indicator

Figure 7.6: ‘Range Maps’ from multi-angular AirMISR data imaged in the near-infrared, retrieved 
using an exponential range indicator

is clearly visible. However, at all angles similar general patterns of range differentiation can be 

seen. In addition to the ‘range maps’ presented above, maps of a sill indicator (in this case local 

window variance) were also examined. Variations in these proved to mirror very closely the vari

ations noted in the range behaviour. That is, broad spatial variations were similarly highlighted 

and differences between the information extracted using a nadir viewing image and that using an 

oblique viewing angle were also noted.

7.2.3 The Importance of Scale

From the Figures shown above, it can be seen that spatial variations in range can be identified 

for any single waveband or viewing angle. It has already been established that these variations 

may arise from changing features on the ground. However, the scale o f features influencing the 

shape o f the variogram is necessarily determined by the spatial resolution of the data. That the 

range o f variograms built from Im^ pixels must be influenced by different ground characteristics 

to that built from 27.5m^ pixels is intuitive. Nevertheless, an example to illustrate this point is 

given below and uses both the AirMISR data previously described together with a high-resolution 

IKONOS scene (Im^ pixel size in the panchromatic band) acquired over the same site, within 6 

months of the AirMISR data acquisition^.

Firstly, the ‘range maps’ shown in Figure 7.6 were used to identify areas of varying characteris

tics. Two subsections (61x61 pixels) from different range ‘classes’ were then extracted from the 

AirMISR data. Corresponding areas were identified on the high resolution IKONOS imagery and 

two windows, centered on the same pixel, extracted. The first was sized 1678x1678 pixels (thus 

corresponding to a 61x61 pixel window size used to derive range from the AirMISR data, as seen 

in Figure 7.6). The second was sized 83x83 pixels and was representative of a 3x3 pixel window

^The IKONOS data were acquired on 10'*’ April, 2000.
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in the AirMISR imagery. The four resulting window extracts can be seen in Figure 7.7. Corre

sponding windows were also extracted from the multi-spectral IKONOS data, although the spatial 

resolution of these was 4m^ and as such, smaller windows were used.

Nadir ' Range M ap' Full IKONOS Image ■Window Extract 1678 x1678 m W in d o w  E x trac t 
83 x 33  m

m ..
W indow I

W indow n

■;:

Figure 7.7: Local windows representative o f different ranges in AirMISR data; and the corre
sponding window extracts from IKONOS data

These local windows were used to explore the scale o f scene features influencing the range. Firstly 

the large panchromatic 1678x1678m windows and the smaller 420x420 multi-spectral windows 

were degraded in terms of spatial resolution to match the AirMISR imagery. Isotropic variograms 

for the center pixels were then calculated and tit with an exponential model. Figure 7.8 exemplifies 

the tits for both windows, using the degraded panchromatic window variograms. The exponential 

model can be seen to appropriately describe the general shape of both variograms. The range from 

both was retrieved from the model tit and compared to range retrievals from the AirMISR imagery 

(Table 7.3).

Image Window Retrieved Range*
AirMISR IKONOS

Red Green NIR Red* Green* NIR* Panchromatic^
I 13.53 14.27 19.32 15.16 15.47 14.70 23.68
II 3.80 3.44 5.07 7.53 7.46 5.01 8.10

^Degraded by a factor of 27.50 ♦Degraded by a factor of 6.88

Table 7.3: Range of variograms calculated over degraded IKONOS imagery and corresponding 
windows of AirMISR data

The range retrieved can be seen to vary across waveband (albeit on a much smaller scale for the
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(a) Large Window I: Degraded to 27.5m résolu- (b) Large Window II: Degraded to 27.5m resolu
tion tion

Figure 7.8: Experimental variograms from degraded IKONOS panchromatic data and exponential 
model fits

IKONOS multi-spectral data). In the case of Window II, the range varies between 3.4 and 8.1. 

That is, even the smallest range retrieved (3.4) represents a distance of 93.5m on the ground. It 

is clear that the spatially dependent features in such a case are not individual trees and that the 

shape of the variogram here is influenced by larger features such as forest stands or the blocksize 

of varying vegetation types. The same is true of the variograms retrieved from Window I, although 

in this case the variogram is not fully characterised in the data, implying that the features defining 

variogram shape are larger than the maximum lag sampled (20) and can therefore not be related to 

individual tree characteristics.

Examination of the same IKONOS windows at full resolution though, reveals a different process at 

work. Figure 7.9 shows the experimental variograms for both 1678x1678 windows'^ and associated 

best exponential model fits. Again, the experimental variograms provide a reasonable estimate of 

the general shape. Retrieved ranges from these variograms, as well as the ranges retrieved from 

variograms calculated over the smaller 83x83 windows extracted round the center pixels, are given 

in Table 7.4. Note that only the panchromatic IKONOS waveband was used in this examination; 

this providing the highest spatial resolution.

Image Window Retrieved Range*
1678x1678 Window 83x83 Window

I 11.16 16.37
II 9.62 9.18

*From full resolution data

Table 7.4: Range of variograms calculated over degraded IKONOS imagery and corresponding 
windows of AirMISR data

'̂ In these cases the variogram was calculated to a maximum lag of 500, although the small ranges associated with 
both has meant that they are displayed for lags 1-20 only.
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Figure 7,9: Experimental variograms from IKONOS panchromatic data at full spatial resolution 
and exponential model fits

Note that for Window II, where both the small and large windows are fully populated with trees, 

the range retrieved is similarly estimated at approximately 9m. From a visual assessment of the 

window extracts themselves, it is clear that this value may correspond to the size of individual trees 

and therefore it is this value that is of interest with respect to forest parameter mapping. The same 

may be said of Window I in the case of the 1678x1678 case, although it is clear that individual 

trees are not responsible for the variogram shape in the 83x83 window case. This can be explained 

with reference to the window extract itself (Figure 7.7), which contains only a small cluster of 

trees.

The examples above demonstrate the problem of implementing the scene-modelling inversion 

method with geostatistics for forest parameter mapping from low resolution data. The variogram 

range of interest in the cases above (which may be considered indicative o f the variogram that 

requires consideration in the scene-modelling approach) is found at a value that lies below the 

size of an individual AirMISR pixel (9<27.5). Results from the degraded windows above simi

larly show that the range of interest cannot be detected if the data is regularised to 27.5m. This in 

essence, comprises the problem when applying the scene modelling inversions to low resolution 

data as well as high resolution. Measures of semivariance over large windows no longer refer to 

individual tree characteristics.

Considering that any single AirMISR pixel may contain multiple trees, the identification of local 

variations in canopy properties in the AirMISR imagery must rely on a very small operating win

dow size (eg. 3x3 pixels). This has further implications for the use of variograms as a means of 

retrieval: namely that a small operating window necessarily lacks a sufficient number of samples 

with which to reliably calculate a semivariogram.
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Given the problems in using variograms to characterise local properties of vegetation structure 

outlined above, the scene-modelling approach previously described was modified to consider pre

dictions of local variance within a window rather than predictions of semivariance. The use of 

local variance as a texture measure to aid image interpretation has been discussed in Section 2.2,4 

and is not included here.

As a preliminary investigation, local variance over a 3x3 moving window was calculated over the 

AirMISR data and results examined for visible differentiation between general land cover types 

in the image. Discernible differences in the variance estimations between different wavebands 

and view zenith angles were also sought. Figure 7.10 shows the local variance calculated for a 

single waveband, single view angle (a) and a false colour composite (FCC) of the same band with 

different view angles (b) and the same view angle with different spectral bands.

(a) Red Band, Nadir View (b) Red Band (FCC); 0.0°, 
26.1°, 45.6° Views

(c) Nadir View (FCC): NIR, 
Red, Green Bands

Figure 7.10: Estimates of local variance calculated over a 3x3 operating window and variations 
attributable to changes in view angle and waveband for the AirMISR data over Mongu

Variations between land cover types for a single waveband can be seen in Figure 7.10 (a). The 

road network is clearly defined as a region o f high local variance as is the area to the north east of 

the Kataba Forest Reserve. Some differentiation between the levels of variance within and beyond 

the Kataba Reserve is also noted. Variations as a function of waveband are clearly visible in Figure 

7.10 (c), as are differences across view angle (although these are more subtle). Given these results, 

it was thought that the application of the scene-modelling approach to mapping forest parameters 

with the use of local variance would be successful and that the additional information provided 

by multiple wavebands and view zenith angles may compensate for the lower spatial resolution of
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the data. A detailed description of the adapted scene-modelling method is given in the sections 

that follow. Firstly, an account of the scene parameterisation is given. Details of the simulations 

follow, together with an outline of the component modelling and inversion technique. Results are 

presented in Section 7.7.2.

7.3 A Geometric-Optical Approach

In accordance with the scene simulations developed for the air-photos over Cat Tien, a geometric- 

optical approach to modelling the scene was adopted and reflectance was taken as an area weighted 

sum of the radiance contributions from scene elements. These elements comprise the sunlit and 

shadowed objects (trees in this case) present in the scene.

A preliminary examination of local image histograms was performed. The co-ordinates o f five 

pixels representing broad-scale variations in land cover were chosen from the AirMISR data (in 

the red band at nadir). These served as center pixels for local image windows (3x3 pixels in 

size). Corresponding windows (21x21 pixels^) were extracted from the IKONOS high-resolution 

multi-spectral imagery to examine the histograms at each waveband. Figure 7.11 shows the scaled 

histograms of two image windows extracted from the red band of IKONOS data, centered around 

pixels of sparse and dense vegetation. Note that these have been smoothed with a low pass filter, 

to dampen noise and highlight inherent local maxima.

The presence of multiple peaks is clear from the histograms in Figure 7.11, particularly the one 

extracted for window A. Contrary to the case of the air-photos previously described then, there 

was no premise for disregarding shadowing effects in the AirMISR data. This was found to be true 

at all wavelengths, although as can be seen by Figure 7.12 the shape and magnitude of histograms 

were found to vary with wavelength.

Given the exploratory results with regard to local image histograms from the IKONOS multi- 

spectral data, a full four element model was considered (Equation 2.21) in the AirMISR inversions 

with scene elements comprising sunlit crown, sunlit ground, shaded crown and shaded ground. 

As before, each of the histograms could be fitted with a multi-peaked Gaussian model to examine 

the decomposition of the image histogram in terms of the four elements present in the scene. An 

example of such a fit with the four resulting Gaussian curves can be seen in Figure 7.13, for a 

single image histogram (corresponding to Window A in Figure 7.11 above).

It would seem then, that there is potential for successfully extracting four distributions from the 

local image histogram. Establishing a successful relationship between the four distributions and 

the four scene elements though is more difficult. For any single waveband the reflectance for

^IKONOS multi-spectral data has a spatial resolution of 4m^.
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Figure 7.11: ‘Smoothed’ and scaled local image histograms from the red band of IKONOS data, 
for areas of sparse and dense vegetation in Mongu
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Figure 7.12: ‘Smoothed’ and scaled local image histograms from the multiple bands of IKONOS 
data, for a single image window (Window A)
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Figure 7.13: Sm oothed and m odelled histograms for W indow A from the IKONOS red band

sunlit crown may be found to be lower than that for sunlit soil (or vice versa) but this relationship 

may not hold true across all wavebands (or all view angles). Furtherm ore, differentiation between 

crown and ground shadow may be particularly difficult using an image histogram analysis as they 

may have a similar spectral response and indeed, these two elem ents may often be inseparable (see 

Section 7.8). Given these problems image histograms from the AirM ISR data served only for an 

exploratory analysis.

7.3.1 Incorporating a Consideration of the Soil BRDF

Given the angular sampling of A irM ISR, in addition to including sunlit and shaded scene elements 

in the model, a consideration was also given to bi-directional effects on soil reflectance. The 

presence of these effects was confirmed through an exam ination of ‘soil pixels’ in the AirM ISR 

data, which were identified using corresponding high-resolution IKONOS panchromatic imagery. 

The reflectance for these pixels was plotted as a function o f view zenith angle for each of the 

four wavebands of data. Figure 7.14 shows the directional reflectances for two AirM ISR pixels. 

Corresponding IKONOS extracts are also given and in each case the dom inant scene element can 

be seen to be soil.

It is clear from both Figure 7.14 (a) and (b) that the soil reflectance across m ultiple angles is not 

Lambertian. Given that large areas of sparse vegetation are clearly visible in the imagery, any 

successful scene-model must therefore take directional effects on reflectance into account. This 

was achieved here through the incorporation of a bi-directional reflectance term for the sunlit soil 

based on Equation 7.1 as suggested by Walthall et al. (1985):

Psoii = a + b6 cos (0v, -  (pO + (7.1)
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Figure 7.14: Directional reflectance at each waveband for two pixels where sunlit soil dominates 
the scene
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where psou is the soil reflectance at a given view angle, 6 and (pv, <ps are the viewing and solar 

azimuth angles respectively. With regard to the AirMISR data, the relative azimuth angle (0v -(ps) 

remains constant across the full sweep of images. As such, the cosine term can be disregarded in 

formulating the geo-optical model for scene reflectance. Equation 7.1 was therefore incorporated 

into the general model previously given in Equation 2.21 to define scene reflectance as

P à ~  Psg (Psg "t" tfO c6   ̂ +  P scP sc  "I" PbgPbg PbcPbc (7 '2 )

where p x  is the scene reflectance for a given waveband À, 9  is the view zenith angle, Pxx is the 

proportion of element xx in the scene, pxx is the xx scene element reflectance, sg refers to sunlit 

ground, sc sunlit crown, bg shaded ground, be shaded crown and b and c are the Walthall soil 

BRDF (bi-directional reflectance distribution function) terms.

It should be noted that the inclusion of the soil BRDF term significantly increases the number of 

parameters that require solution during inversion. This will reduce redundancy in the data and may 

potentially affect the quality of the inversion. Problems arising from this will be compounded by 

the fact that the two most oblique angles of data (± 70.5°) were not included in the inversion due 

to poor sensor calibration, which resulted in only 7 angular samples per waveband^.

Variations in the proportions of each scene element are necessarily determined by both the size 

and density of trees in the scene as well as the viewing and illumination configuration at the time 

of acquisition. Furthermore, given that the area of interest in each case comprises only a small 

local neighbourhood (3x3 pixels as suggested above) random variations in the spatial distribution 

of trees for any singly characteristic tree size and density will result in further variations in the 

proportions of scene elements. However, this additional variability may be accounted for through 

the use of multiple realisations as previously described.

7.4 Parameterising the Scene

Parameterisation of the scene for the AirMISR data was significantly simplified in comparison to 

that done for the air-photos. This was due to the secondary nature o f the field site and data as well 

as a lower availability of ground data to corroborate relationships defined within and between tree 

structural variables. Ground measurements originated from a ground survey of a single 100x100m 

plo, carried out as part of a wider set of data collected along the Kalahari Transect as part of the 

SAFARI 2000 campaign (SAFARI 2000)^. This survey comprised measurements o f the number

^Note that the blue band of data was also excluded from inversion due to poor sensor calibration and atmospheric 
correction

^Ground data in this case were not collected by the author but were provided by a collaborating researcher working 
with the SAFARI project (Dr. G. Roberts, Kings College London).
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of living, dead and cut stems, as well as DBH and tree height recordings^ (of living stems only). It 

should be noted that the survey was conducted within the boundaries of the Kataba Forest Reserve 

and as such, any relationships established between individual tree parameters may not be appro

priate for the sparser vegetation found outside. A preliminary model was developed to represent 

general classes of canopy structure and used in establishing an appropriate method for inverting 

tree parameters from the AirMISR data. Details of the model follow below.

7.4.1 The Use o f Uniform Trees

Tree simulation studies carried out for the area in and around the Mongu field site suggest that 

the vegetation can be broadly categorised into a limited number of different size classes (Roberts 

2003). As such, rather than using tree size as a continuous variable driven by DBH potential trees 

were grouped into one of three categories: big, average and small. Attributes were then assigned, 

according to the associated size class. Tree dimensions representative of each size class were 

derived from the simulation studies carried out by Roberts (2003), which originally incorporated 

a consideration of the ground survey carried out within the Kataba Forest Reserve. Note that tree 

dimensions within any single size class are uniform for all trees i.e. the scene was populated by 

a series of tree ‘clones’ and there was no consideration of the potential variance in individual tree 

parameters that may occur over a given spatial area. Variations in the simulations were provided 

purely by the three broad classes of tree size and tree density.

Tree measures in terms of the crown diameters and total canopy height associated with each size 

class are given in Table 7.5 and a visualisation of how these relate to tree dimensions is provided 

in Figure 7.15.

Size Class X Diameter (m) y  Diameter (m) z Diameter (m) Total Tree Height
Big 9.98 6.25 7.84 16.97

Average 7.55 6.46 3.75 15.94
Small 5.12 3.35 1.07 4.11

Table 7.5: Crown and height dimensions for each tree size class simulated

Trunk diameter was kept at a constant value of 0.156m regardless o f tree size and in accordance 

with the simulation studies carried out by Roberts (2003). This value corresponded to the mean 

DBH value calculated for all living stems measured in the ground survey^. It is acknowledged that 

use of a single value for describing trunk diameter may have been unrealistic although its influence 

in determining the spectral response of any given pixel was thought to be small particularly for 

images acquired with a small off-nadir angle.

*Tree heights were measured at the top of the canopy only.
^The value of DBH  may be considered particularly low. It was thought that this was due to the high abundance of 

shrubs, rather than fully grown trees in the ground plot.
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Figure 7.15: Defining x, y, z crown dimensions, as well as total Tree Height

The tree density for any given simulation was not tied in a fixed relationship to size. Rather, 

simulations were performed for all size classes at a range of tree densities, varying from 0.0008 

trees/m^ to 0.0567 trees/m^. In total 27 classes of tree density were considered (Table 7.6).

Density Classes Simulated (trees per m^)
0.0008 0.0024 0.0041 0.0049
0.0057 0.0065 0.0073 0.0081
0.0105 0.0130 0.0154 0.0162
0.0186 0.0203 0.0227 0.0243
0.0267 0.0284 0.0308 0.0324
0.0348 0.0365 0.0405 0.0446
0.0486 0.0500 0.0567

Table 7.6: Tree density classes used in simulations of AirMISR data

Given the fixed classes o f tree size and density as noted above, individual tree placement within 

a scene was random albeit constrained to minimise crown overlapping. A description of the al

gorithm used for placing trees has already been given in Section 5.5.6 and therefore is not given 

here.

7.5 Scene Rendering

Scenes were again rendered using DRAT. Individual trees were modelled using simple ellipsoids 

to represent the crowns and cylinders to act as trunks. These were placed on a flat plane i.e. 

topographic effects were not simulated. Given a visual analysis of the AirMISR data the influence 

of topography was deemed to be small and therefore there was no attempts at either ‘detrending’ 

the data or correcting for topographic shadowing prior to processing.

A visualisation from within the canopy of a scene populated with ‘average’ sized trees at a density 

of 0.0049/m^ is given in Figure 7.16. The trees can be seen to be of uniform dimensions with a
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characteristically different shape to those used in the Cat Tien simulations. However, like the air

photo simulations, use of a random placement of individual trees in a limited window introduced a 

variability in the spatial distribution of trees. The variability was again accounted for through the 

simulation of multiple realisations (in this case, 15) for any single size and density class'*^.

Figure 7.16: Visualisation of a simulated scene of average trees, at a density of 0.0049/w^

Contrary to the photographic dataset over Cat Tien, full details on the viewing and illumination 

geometry at the time of data acquisition were available for the AirM ISR imagery as were flight and 

cam era details. The scene modelling of this data therefore followed a more rigorous procedure (as 

outlined below) that began with setting up the cam era so as to resem ble the A irM ISR instrument 

and then followed with individual pixel simulation at the spatial resolution of data as originally 

acquired. These pixel simulations were then resam pled following the resam pling scheme used 

in co-registering the original data and used to render individual local ‘w indow s’ of simulated 

AirM ISR data.

7.5.1 Setting Up the Camera

The first step in simulating the A irM ISR data was to set up the cam era to generate data as acquired 

by the AirM ISR instrument (rather than at the 27.5m resolution o f the co-registered data). An 

altitude of 20km (in accordance with the nominal altitude o f the ER-2 aircraft) was therefore set 

and data simulated for 7 view zenith angles: ±60.0°, ±45.6°, ±26.1° and 0.0°. Note that the most 

oblique angles of acquired data (±70.5°) were not simulated. This was due to the poor quality of 

calibrated data over M ongu acquired at these angles, as can be seen in Figure 7.17.

It should be noted that the blue band of data (at all viewing angles) has similarly been excluded 

from the inversion, given that the data in this spectral band was very poorly calibrated for all view 

zenith angles.

‘“N ote that given the dense sam pling  o f  tree density, the use o f un ifo rm  tree size, the sm all variab ility  found in the 
directional p roportions and the lim ited  scope o f  this study, only  a sm all num ber o f  m ultip le  instances per tree size and 
density  w ere considered.
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Figure 7.17: Distortions in poorly calibrated data over Mongu acquired with the AirM ISR instru
ment at a viewing angle of ±70.5°

Along and Across-Track Sample Spacing

AirM ISR is a pushbroom instrument with a single cam era positioned on a pivoting gimbal mount. 

Lines of image data are acquired every 40.8m s meaning that at the nominal aircraft speed of 

200m/s, the along-track (Y)  sample spacing is a constant 8m regardless of view angle. Across- 

track (%) sampling spacing however, varies with view angle. The exact nature o f this variation is 

dependent on the cam era specifics.

With regard to AirM ISR the cam era effective focal length was taken as 58.8mm (58800/j/n), in 

accordance with the value reported by D iner et al. (1998a). The A irM ISR cam era has a four- 

elem ent spectral filter with a CCD focal plane array consisting of four line arrays with 1504 active 

l i x lS /u m  pixels per line. These cam era specifics can be used to predict the X  position on the 

ground that the cam era is looking at and therefore predict the across-track sampling. The camera 

geometry of A irM ISR used to predict across track sampling is shown in Figure 7.18.

CCDx

CCD 1504 active 
21xl8(im  pixels per line

Figure 7.18: Geometry of the A irM ISR cam era used to predict across-track sampling 

With reference to Figure 7.18 it can be said that
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h
COS0

(7.3)

where ^  is the boom length, h the height of the aircraft (20000m for AirMISR) and 0 the view 

zenith angle and

/  y
n^CCD^ X

n ^ C C D ^
(7.4)

X =
f

where X is the jc position on the ground, refers to the position of x  on the CCD array, CCD^ is 

the X dimension of the active pixels on the CCD array and /  is the effective focal length (58.8mm 

for AirMISR). Using Equations 7.3 and 7.4, consecutive X  and Y positions on the ground for 

the camera to view can be found. It is clear that as the view zenith angle increases, the boom 

P  lengthens and subsequently the across-track sample spacing widens. The result is a variable 

across-track sampling that ranges from 7.14m at nadir to 14.29m at ±60° (and 21.40m at ±70.5°). 

The variable spacing with view angle is visualised as a ‘camera grid’ in Figure 7.19. Note that the 

along-track sample spacing does not vary across angles but is fixed at a constant value of 8m.
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Figure 7.19: Variable across-track sampling as a function o f view zenith angle, for the AirMISR 
camera

Pixel Dimensions

Pixel dimensions similarly vary with view angle. At nadir, the instantaneous footprint obtained by 

AirMISR is 7m across-track by 6m along-track. The corresponding fooq)rint imaged by AirMISR 

at ±70.5° is 21x55m. These differences occur due to changes in the field o f view (FOV) at any
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given angle, which are in turn, caused by an increasing boom  length as seen in Equation 7.5.

304

FO V , = 2 t a n - ' | ^ j (7.5)

where FOV^ is the along-track field of view and y is the along-track pixel size. Varying pixel sizes 

were simulated by incorporating a changing along-track FOV with increasing boom length, whilst 

maintaining the aspect ratio of pixel dimensions as defined at nadir. A visualisation of the varying 

pixel sizes is given in Figure 7.20.

A i L « y i f

(a) 0.0° (b) ±26.1 (c) ±45.6° (d) ±60.0°

Figure 7.20: Variable pixel dimensions associated with A irM ISR directional data

7.5.2 Individual P ixel S im ulations

As previously stated, the scene modelling for the AirM ISR data differed from that described for 

the air-photos in Chapter 5 and rather than simulating entire scenes at once, individual pixels were 

simulated separately and later ‘patched’ together to create the simulated window. In the resampled 

data the local neighbourhood for m easuring variance has been defined as a 3x3 pixel window. The 

individual pixel simulations must therefore include the nine pixels present in the operating window 

as well as all the surrounding pixels required for resam pling in the co-registration. At most, this 

required simulating 36 single pixels for any given local ‘w indow ’, although in the majority of cases 

this num ber was significantly reduced as many pixels were used more than once in the resampling 

scheme (see Section 7.5.3 below).

Identification of the pixels needed for simulation was done by first fixing a 3x3 window on a grid 

equally spaced at the resolution of the resam pled data i.e. 27.5m apart. For each view angle 

a ‘cam era grid’ such as those shown above in Figure 7.19 could subsequently be specified to 

identify the X  and Y locations seen by the camera. The points surrounding the nine resampled 

pixel locations were then chosen for simulation (Figure 7.21).

Once identified, individual pixels were then simulated at the spatial resolution defined by the view 

zenith angle under consideration. The illumination geom etry (solar zenith and azimuth angles)
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Figure 7.21: Resampling 3x3 pixel window overlain on a camera grid representative AirMISR 
sampling at 60.0° off-nadir

was defined using a single value across all vzas, despite known fluctuations both spatially across 

individual images and as a function of view angle. Tables 7.7 and 7.8 summarize these fluctuations 

and show them to be small”

View Angle Minimum Maximum Mean
60.0° 37.45 37.96 37.70
45.6° 37.31 37.66 37.48
26.1° 37.18 37.46 37.32
0.0° 37.02 37.30 37.16

-26.1° 36.86 37.15 37.01
-45.6° 36.66 37.01 36.84
-60.0° 36.36 36.86 36.61

Table 7.7: Statistics of recorded solar zenith angles for AirMISR data

View Angle Minimum Maximum Mean
60.0° 237.00 237.32 237.16
45.6° 236.78 237.00 236.89
26.1° 236.59 236.77 236.69
0.0° 236.41 236.58 236.50

-26.1° 236.22 236.40 236.31
-45.6° 236.00 236.22 236.11
-60.0° 235.68 236.00 235.84

Table 7.8: Statistics of recorded solar azimuth angles for AirMISR data

In each case, the solar zenith and azimuth angles used in the simulations were defined by the 

mean value over all angles i.e. the solar zenith angle used was 37.16° and the solar azimuth angle

“ Note that the standard deviations in each case is not included. This is due to their being so small as to have been 
considered insignificant for the current study.
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236.50°.
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7.5.3 Resampling to a Single Pixel Size

The raw AirMISR data was resampled to a uniform pixel size of 27.5x27.5m using a bilinear inter

polation method (Welch,C. pers. comm 2002). Therefore, a similar resampling scheme was used 

here for co-registeiing the directional simulated data to a single pixel size. Bilinear interpolation 

uses a weighted average of four surrounding pixels {zij) to compute a value for the output pixel 

(%,}), as seen in Figure 7.22 and Equation 7.6.

▼

Figure 7.22: The bilinear interpolation of four surrounding points to derive an estimate of a single 
pixel X, y

Zo = X * Zio + (1 -  x) * Zoo 

Z\ = X *  Z\\ -I- (1 -  %) * Zoi 

Z x y = y * Z i+ { l -y )* Z o

(7.6)

where Zy is the pixel value at location i, j  on the camera grid. Choice of four ‘surrounding’ i, j  

pixels to be used in the interpolation may be defined in a number of ways. The most commonly 

used definition involves choosing the closest four points based on a minimum distance to neigh

bours. However, application of this method in the case of the AirMISR data was not ideal as the 

spatial sampling grids did not have the same X  and Y dimensions and use of the minimum distance 

criterion did not always identify ‘surrounding’ points, as seen in Figure 7.23.

Given the problems associated with use of a minimum distance criterion to identify points for 

interpolation, an alternative method was used. This relied on the identification of the lower left 

camera grid co-ordinate closest to the resample pixel under consideration. The method takes
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Figure 7.23: The failure of the minimum distance criterion to identify ‘surrounding’ points for 
interpolation

advantage of the fact that the camera ground positions were always to be found on an evenly 

spaced grid (albeit of varying X and Y dlmensions)^^. Once the lower left co-ordinates were 

identified, the corresponding ‘box’ of points was easily found, given the X and Y grid spacing 

dimensions (Figure 7.24).
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Figure 7.24: The identification of surrounding points for use in interpolation based on the lower 
left grid comer

Note that if the resample pixel fell on an already established camera grid point then no interpola

tion was carried out and the output pixel was assigned the actual value from that grid point. The 

resampling scheme constituted the last step in building the scene model. Each group of 3x3 resam

pled pixels were used to represent a single window simulation at a given tree size and density. The 

means of then using them for extracting forest parameters from the image data relied on the use 

of local textural information in the form of local variance and a geo-optical approach to modelling 

the scene. This forms the focus of the following sections.

‘̂ This is true for all view angles: the X sample spacing may vary with vza but at any single angle the spacing is 
constant throughout the grid.
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7.6 Directional Proportions

Variations in the distribution of scene elements in the simulated windows were examined using 

estimates of directional proportions (as opposed to component variograms in the high resolution 

case). The proportion of each scene element (sunlit crown, sunlit ground, shaded crown, shaded 

ground) was calculated for each scene window^^. These were necessarily influenced by both the 

size and density of trees in the scene, although do not vary spectrally.

Figures 7.25 and 7.26 show example sets of directional proportions for simulations of varying 

tree size and density. It is clear that as tree density varies, so do the proportions of the scene 

elements. Principally, the proportions of sunlit crown and sunlit ground changed so that where the 

tree density is low, sunlit ground dominates the scene and where tree density is high, the proportion 

of sunlit crown is most significant. The same was true for the move from small to large trees at 

any constant tree density.

Variations in scene element proportions as a function of view zenith angle i.e. the ‘shape’ of the 

directional proportions, similarly varied according to both tree size and density. For simulations 

using the ‘small’ trees the shape of directional proportions was subtle, variations across angle 

being of a small order of magnitude. Scenes modelled with the ‘big’ trees though, contained 

significant variability as a function of vza with directional proportions displaying characteristic 

‘shapes’, where crown proportions tend to have an upward bowl shape and ground proportions a 

downward one. It should be noted that the big trees saturate quickly as density increases, with 

sunlit crown accounting for over 80% of the total scene beyond a tree density of 0.025 trees/m^. 

The same was true for the average sized trees beyond a density of approximately 0.030 trees/m^.

7.6.1 The Effect of Multiple Realisations

As previously discussed, the fact that simulations occur over a limited spatial area (3x3 pixels: 

82.5x82.5m) means random variations in tree spacing and location may cause variability in the 

directional proportions for any given tree size and density. The effect of this variability on retrieved 

scene element proportions must be considered. Figures 7.27 and 7.28 show the mean and standard 

deviation in directional proportions across 15 multiple realisations of tree size and density.

The variability associated with multiple realisations can be seen to be generally low, although 

somewhat dependent on the view zenith angle with most variance in scene element proportions 

found at nadir. Variations at the most oblique viewing angles were considerably smaller for all 

scene elements. The effect of multiple realisations can also be seen to vary according to the tree

'^Proportions over the local neighbourhood were calculated as an average of the proportions associated with each of 
the 9 pixels in the window.
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Figure 7.25: Directional proportions calculated over a single realisation o f scenes populated with 
trees o f small, average and big size, at a single tree density (0.0105 trees/m^)
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Figure 7.26; Directional proportions calculated over a single realisation of scenes populated with 
average sized trees at varying tree densities
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2«nlth Ar>gU

(a) Sunlit Crown (b) Sunlit Ground

(c) Shaded Crown (d) Shaded Ground

Figure 7.27: Mean and standard deviation of directional proportions calculated over multiple re
alisations of scenes populated with trees of small, average and big size, at a single tree density 
(0.0105 trees/m^)
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Figure 7.28: M ean and standard deviation of directional proportions calculated over multiple real
isations of scenes populated with average sized trees at varying tree densities
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size and density, where scene element proportions derived from simulations of small trees had a 

small variability associated with multiple realisations (with the exception of sunlit ground) and 

a larger variability for both average sized and big trees. Note that in all cases the directional 

proportions of shadow in each scene can be seen to be very small with only a little variation across 

realisations, especially in the case of shaded crown.

Given the variability in estimates of directional proportions as described above, the use of nu

merous instances to represent a single tree size and density may be considered necessary. As 

previously stated, simulations of the AirMISR local windows in this study comprised 15 realisa

tions of each size and density class combination. It is acknowledged that the choice of 15 was 

taken arbitrarily, although given the generally low variance noted in Figures 7.27 and 7.28 it was 

thought sufficient for characterising the potential random variation in scene element directional 

proportions.

7.6.2 A Consideration of Canopy Cover

The simulations of AirMISR data used in this study were parameterised as a function of two 

structural parameters: tree size and density (see Section 7.4.1 above). It was thought that problems 

with this characterisation might arise in the consideration of simulations as a function of % canopy 

cover, since different combinations of tree size and density may result in similar estimates of 

canopy cover. The problem is visualised in Figure 7.29, which shows the mean and standard 

deviation in tree density associated with each class of canopy cover for the three tree sizes. Note 

that % canopy cover is not used as a driving variable in the scene-modelling, although estimates 

of cover were easily obtained from the simulations. These estimates were derived from the nadir 

viewing simulated scene (given that off-nadir estimates of cover are not representative of ‘true’ 

cover) and comprised both sunlit and shadowed tree crowns. They were then quantised to provide 

‘classes’ of canopy cover (increasing in steps of 10%), within which scenes of varying tree size 

and density may be seen to fall.

As can be clearly seen, there are a number of different tree size and density combinations which 

provide similar estimates of cover. In addition, variability in associated tree density within each 

cover class can be seen to exist (represented by the standard deviation error bars) for all three tree 

sizes. The average-sized and big trees in particular resulted in similar estimates of forest cover 

and although the mean across densities of each cover class for either may have been separable, 

overlaps could be introduced through the variability of individual instances.

Given the variability in tree size and density associated with individual classes of forest cover, the 

directional proportions of scene elements were re-analysed as a function of forest cover. Figure 

7.30 shows the mean and standard deviation of directional proportions of sunlit crown, sunlit
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Figure 7.29: Mean and standard deviation in tree density associated with each class of % canopy 
cover, for all tree sizes used in the AirM ISR simulations

ground, shaded crown and shaded ground calculated over multiple realisations of scenes associated 

with a given % cover'^.

The directional proportions may be seen to vary as a function of forest cover as expected i.e. the 

sunlit ground proportions dominate scenes of low cover and sunlit crown proportions dominate 

scenes of high cover. The variability within sets associated with multiple realisations can be seen 

to be of a similar magnitude to that shown in Figures 7.28 and 7.27. Note that the directional 

proportions as a function of forest cover are particularly small for the shadowed scene elements, 

which is in accordance with the behaviour as a function of tree size and density noted above.

7.7 Inversion

A method for inverting the AirM ISR data with the scene sim ulations was developed and applied 

to a subset of data for investigation of results. Fifteen local neighbourhoods were extracted from 

across the AirM ISR image. These were chosen to represent the range o f visible variations in 

vegetation cover, principally to sample local windows within and beyond the boundaries o f the 

Kataba Forest Reserve. Given that the IKONOS imagery was co-registered to the AirM ISR data, 

corresponding windows were extracted from the higher-resolution data to better visualise the veg

etation present in each extracted window and to aid in the interpretation of results. Figure 7.31 

shows the center pixels of each local neighbourhood extracted (-I-), as well as four examples of 

the corresponding Im  spatial resolution data taken from the panchrom atic band o f the IKONOS 

sensor.

‘Note that these may include scenes of varying tree size and density.
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Figure 7.30: Mean and standard deviation of directional proportions calculated over m ultiple real
isations of scenes associated with varying Canopy Cover
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Figure 7.31: Center pixels o f local windows extracted from the A irM ISR data and corresponding 
high-resolution IKONOS extracts

The amount of vegetation can clearly be seen to vary across the subsections o f data, with windows 

falling within the Kataba Forest Reserve displaying significant canopy cover and windows falling 

beyond it (especially in the clearly visible clearing to the north) displaying very sparse canopy 

cover. The presence of shadows are clearly visible in all the windows, particularly those populated 

with only a few trees or shrubs. A nother characteristic of the data to note is that, unlike the 

air-photos taken over Cat Tien, sunlit crowns appear darker (lower reflectance) than sunlit soil. 

However, this characteristic may vary with wavelength and therefore relative constraints such as 

those imposed on the high resolution inversions were not applied here.

Using the subset of directional imagery from the AirM ISR data, an inversion method was devel

oped and results analysed. For the high-resolution air-photos over Cat Tien, inversion was per

form ed based on scene measured and modelled semivariance (and mean spectral response) with 

the essential error function for minimisation defined in Equation 6.2. For reasons given above 

in Section 7.2, the use of semivariance was not applicable in inverting the AirM ISR data. An 

alternative error function was therefore needed; the form ulation of which is discussed below.

7.7.1 Formulating an Error Function

Considering a model of the scene reflectance p,i as described in Equation 7.2, inversion can be seen 

to be a multi-dimensional problem, where a solution to the scene elem ent reflectance terms p^g, 

Psc^Pb}> and pbc needed identification (for each waveband), as did the soil BRD F param eters b and 

c. In addition to solving for these, a determination of the most appropriate canopy structure was 

required. Canopy structure, as before, was represented by a LU T populated with the simulations
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(of multiple realisations) as described above. A number of error functions for minimisation were 

considered and the advantages and drawbacks of each described below.

Formulating for the Mean Spectral Response

The first error function for consideration comprised one based on usage of the mean spectral 

response of a scene at a given waveband. The error function may be defined as

Na

‘ ‘ ( P d ^ o d  POÀmeas)
n\ riQ
N \  N q

(7.7)

~ NqN \  + bG + cO  ̂+ P s c P  sc + P b g P b g  + P b c  P b c  PdÀmeas^ j
n\ riQ

where peAmod is the modelled mean reflectance for a scene acquired at view angle 6 in waveband À, 

pQAmeas is the mean reflectance as calculated from the image window, N& is the number of 6 view 

angles and N \  the number of À wavebands.

An error function such as Equation 7.7 can be thought of as equivalent to a BRDF inversion with 

use of a spectral mixture model. Given that the peAmod can be seen to be linear, an inversion based 

on Equation 7.7 would be both simple to implement and efficient to run. With the method of 

least squares, model parameters (scene element reflectances and soil BRDF terms) can be solved 

based on Equation 7.8 using a matrix inversion M^^Pqa = where is the mean covariance 

matrix over all 6 view angles (for a single A waveband) and is calculated as the inverse of the matrix 

M© .̂ Pqx is the mean observations vector over all view angles and V©̂  represents an estimate of 

the model parameters for each waveband that is invariant with view angle.

J^GA V ga =  P ga

Psg PbgPsg PscPsg PbcPsg / \
Psg PGAmeasP sg

^P % PbgPsg dPscPsg GPbcPsg b PGAmeasP sg^

PbgPsg O^PbcPsg c — PGAmeas Psg

PbcPbg PbgPbc Pbg PGAmeasPbg

P i Psc Pbc Psc PGAmeasP sc

.  ■ ^  ) yPbCj  ̂ PGAmeas Pbc j

(7.8)

where Mqa is the inversion matrix for each view angle, Vqa is the parameter vector for solution, Pqa 

is the observation vector derived from the image and peAmeas is the mean reflectance for waveband
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À measured over all pixels in the local window of data acquired at view angle 9.

The inversion is performed for each waveband individually to solve for scene element reflectance 

and BRDF terms (since the former will vary with À). A calculation of the error term (e^) can then 

be calculated as a weighted summation across all wavebands. This is done for each point in the 

LUT and the realisation with the minimum error identified as the most appropriate description of 

canopy structure on the ground.

Note that the model parameters are inverted as spatially averaged (over all pixels in the local 

window) estimates averaged over all view angles (Vqa)- That is, the individual elements of the 

matrix Mqx are calculated according to Equation 7.9. Scene element proportions are calculated 

first as spatial averages and then as products for averaging across view angles. It should be noted 

however, that these elements may also be estimated using Equation 7.10, where the products are 

calculated individually for each pixel and then spatially averaged prior to averaging over all view 

angles.

N q (Npix Npix ''
(7.9)

\ npix npix
  N q (  NpixN q ^Np

(7.10)
nQ

where P, is the proportion of i in the scene, Pj the proportion of J, Pij is the spatially averaged 

product of Pi, Pj averaged over all view angles, represents the average over all 6 view angles 

and T̂ nplx represents the spatial average over all pixels (pix) in the operating window.

Equation 7.9 may be thought of as equivalent to a single linear BRDF inversion at a coarser resolu

tion (equal to the size of the operating window) and Equation 7.10 represents an inversion for each 

pixel prior to spatial averaging. The former may be considered preferable in using a preliminary 

scene model because the latter has more stringent requirements of the model simulations. That is, 

the proportions of each scene element must be accurate both in an absolute sense for each pixel of 

the window but also in a relative sense with respect their spatial position and distribution within 

the modelled window.

With either means of averaging, minimisation of an error function formulated for the mean re

flectance over a window is attractive in that it provides a simple and efficient approach to inversion. 

However, there are a number of disadvantages associated with the use of this error function, the 

primary one being the lack of redundancy, given that 6 parameters require inverting (per wave

band) with only seven observations. A potential means of increasing the number of observations 

would be to use an averaging scheme based on Equation 7.10 although as previously stated, this
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puts more stringent requirements on the model simulations. Another drawback of using an inver

sion based on the mean reflectance is the reliance upon an accurate atmospheric correction of the 

data.

Formulating for the Local Window Variance

An alternative approach to the inversion would be to use an error function formulated for the 

local window variance. Such an approach would be more strongly related to the scene-model 

inversions performed for the high resolution air-photos, albeit considering local variance rather 

than semivariance. The error function in such a case could be defined as

j Âa Â0 ^

 ̂ ~ Nç)N\ i ^ ^ o d  ~ ^Àmeas) (7-11)
^ ^ rif, ne

where o-Q̂ ^od is the modelled variance for a scene acquired at view angle 9 in waveband A and 

o'eAmeas the local variance as calculated from the image window. Given that the variance over a 

local window can be expressed as cr̂  = ^  ~ for any given view angle and waveband,

a definition of can be found in Equation 7.12.

cr;ÔÀmod
1

~~ ^i^dAmod)

Nn

I N q  '

= + pIs‘A ‘„ + p W f,, + p W p^

+ 2 g  + ^Pbs0̂ p̂ ê,Pbs ^P̂ Ĉ PssOTsc ^Pl’̂ ^PssOTbc)

+ 2 (cpbsÔ p̂ ^Qi p̂  ̂+ CPscoj,̂ 0̂2 p̂  ̂+

+ 2 + PbsPbco\l, ,̂P^  ̂+ PscPbcCr],̂  ̂p^^

where o"?. are covariance terms such that cr?. = ij -  ij. Substituting Equation 7.12 into the error 

function in Equation 7.11, the method of least squares could be used to provide an analytical 

expression for the partial derivatives. Such an expression has previously been derived by Lewis 

(2003) and may be found in Appendix A^ .̂ The partial derivatives form a set of six simultaneous 

cubic equations, which could be solved to provide an analytical solution to the error function 

formulated for local window variance. Given an analytical expression for the partial derivatives.

'^This appendix provides an awk script for generating the partial derivatives for each model parameter, in the format 
required for input to Mathematica©as a set of six simultaneous equations.
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the error function could also be solved numerically.

As previously stated, the use of an error function such as Equation 7.11 would provide a stronger 

link to the work presented for the high resolution air-photos. It also has the added benefit of 

being uninfluenced by the path radiance. Considering that the inversion in this case is required for 

operation on a very local domain (3x3 pixels), the path radiance may be considered as a constant 

offset Ô, over the window. As can be seen from Equations 7.13 to 7.15 calculations of variance 

will therefore be unaffected.

Considering that the variance over any given local window cr (for a single view angle and wave-
_i
l̂ pixlength) is equivalent to ^  -  p^, with an offset 6,

= (p + Ô) = p^-\-ô^ + 2ôp (7.13)

p^ = ôôT ^^  = {p + à f  = f  + f  + 2pô (7.14)

where p  is an individual pixel reflectance for a given 6 and À and p is the average over Npix (all

pixels in the local window). However, the offset ô is constant across the window and so

{p + ô f - { p  + ô i  = p^ + ô  ̂+ 2 5 p - f - - ô ^ - 2 5 p
  (7.15)

= p2 -  P^

The path radiance therefore has no influence on this method of inversion. Given that errors in 

atmospheric correction often originate from inaccurate estimates of the path radiance, the method 

can also be said to be less reliant on a good atmospheric correction. Despite these advantages, the 

use of an error function formulated with the local window variance would not solve the problem 

regarding a lack of redundancy in the AirMISR data. In addition, the non-linear complexity as

sociated with both the analytical and numerical solutions makes implementation of the inversion 

method significantly more complicated.

Formulating for the Mean Reflectance and Local Window Variance

Considering that there are advantages associated with each of the above error function formulations 

and given that they both suffer from a lack of redundancy in the AirMISR case, it may be argued 

that the ideal error function would consider an element of both. Such an error function could be 

defined as Equation 7.16.
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Âa Af©  ̂ Âa Â0 2
 ̂ ~ WiN&Na ^  ^  (Pe^od -  PGAmeas) + 'ĵ Zÿÿ7ÿÿ“  X I X  i^'lmod ~ ^Ameas) (7-16) 

0̂ Ha. hq

where W] and W2 are weights given to either error. Use of this error function may be considered 

related to the incorporation of a modelling of the mean reflectance discussed in Chapter 6 (Section 

6.5.5), with regard to the high resolution air-photos. An error function posed in these terms would 

not only allow for a more realistic solution (as seen in the air-photo case) but would also improve 

the redundancy in the data. That is, for each waveband of data there would be six parameters 

for inversion but fourteen observations (rather than the seven associated with either error on their 

own).

However, the inclusion of a variance error term means that the inversion would remain non-linear 

and would likely be of a similar form to that associated with Equation 7.11 i.e. the solution to a set 

of cubic simultaneous equations. Problems with the implementation of this method have meant 

that it has not been applied for this study. Instead, a pragmatic approach was adopted the details 

of which follow below.

A Pragmatic Approach

Given the advantages and problems associated with the individual error functions outlined above a 

practical approach that did not solve on the local variance but considered it in identifying the most 

appropriate LUT point was adopted. At each point on the LUT the model parameters were solved 

for individual wavebands using the mean reflectance i.e. the error function defined in Equation 

7.7. Using the model parameters derived from the mean solution, a prediction of Equation 7.16 

was then used to identify the most appropriate LUT point and thereby give an indication of the 

canopy structure present on the ground. The error determining the ‘best fit’ LUT point was made 

up of the root mean square error based on the mean reflectance modelling (ep) and that based on 

the prediction of variance (gj.) both with equal weighting (epo- = llW(ep -t- 60-)).

Note that the RMSE (epa-) associated with each LUT point was derived from a summation across 

all wavebands. In addition, it should be noted that spatially averaged estimates of directional 

proportions as calculated with Equation 7.9, were used for each inversion. The inversion method 

was performed for the 15 local neighbourhoods shown in Figure 7.31 and results are presented 

below. Solutions were constrained to lie within the physical limits psc > 0 < pss and ptc > 0 < 

Pbs^ -̂

*^Note that the constraints applied in this study comprised only a filtering on solutions, whereby those lying outside 
the defined boundaries were discarded.
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7.7.2 Matching Angular Variance and Reflectance

322

Prior to assessing the uncertainty associated with param eter retrievals, an assessm ent was made 

of the capability o f the method to both accurately model reflectance and provide a reasonable 

prediction o f variance. Figures 7.32 and 7.33 show the m odelled reflectance at each waveband 

associated with the best fit (i.e. lowest RM SE) over all wavebands (Equation 7.16). These results 

correspond to windows A and B seen in Figure 7.31 representing inversions over sparse and dense 

vegetation respectively. They exemplify the results found for all 15 image subsections inverted. 

Note that the blue band has not been included, due to poor atm ospheric correction and sensor 

calibration.
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Figure 7.32: M easured and forward modelled directional reflectance in each waveband, for the 
LUT point associated with the lowest RM SE from W indow A (sparse vegetation)

In both cases the discrepancy between m easured and modelled directional reflectance can be seen 

to be large. Surprisingly, the green band in both cases provides a visually better fit, with the 

modelled reflectance approximating the general shape of the directional scene reflectance. At 

all bands an uncharacteristic downturn of m easured reflectance may be observed at oblique view
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Figure 7.33: Measured and forward m odelled directional reflectance in each waveband, for the
LU T point associated with the lowest RM SE from W indow B (dense vegetation)
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angles (+ 60.0°), which may be indicative of a poor atmospheric correction.

Given that the error associated with fitting the mean spectral response was given equal weighting 

to that associated with a prediction of variance in estimating total error, the generally poor per

formance of the reflectance modelling may be attributed to the prediction of variance rather than 

the ability of Equation 7.7 to appropriately describe the shape of directional reflectance. Indeed, 

this is confirmed by an analysis of the error associated with the best fit LUT points for each image 

window. Table 7.9 shows retrieved parameters for each image window, together with the associ

ated relative RMSE. In each case, the corresponding RMSE over all wavebands based only on the 

reflectance fitting is given and can be seen to be significantly lower.

Image Window Retrieved Parameters Relative RMSE
Tree Size Tree Density Canopy Cover % ^pcr ep

A Average 0.0008 3.11 0.337 0.082
B Small 0.0008 0.52 1.554 0.098
C Average 0.0008 4.13 0.365 0.086
D Small 0.0008 1.06 0.374 0.084
E Average 0.0008 3.11 0.435 0.096
F Average 0.0008 3.11 0.577 0.099
G Small 0.0008 0.52 0.747 0.095
H Small 0.0008 0.52 0.705 0.093
I Small 0.0057 8.35 0.512 0.090
J Average 0.0008 3.11 0.528 0.094
K Small 0.0008 0.52 0.466 0.089
L Small 0.0008 0.52 0.438 0.087
M Small 0.0008 0.52 2.682 0.098
N Small 0.0008 0.52 0.669 0.098
O Small 0.0008 0.52 1.416 0.095

Table 7.9: Retrieved parameters associated with the best fit LUT point in inversion and associated 
error

Note that the parameters associated with the lowest error in each inversion do not vary much over 

all windows. No simulations with ‘big’ trees provide good fits and densities above the lowest class 

(0.0008 trees/m^) provide the best fit in only 1 case (window I). Canopy cover in all cases is low, 

which is clearly not the case when examining corresponding IKONOS high resolution windows. 

This lack of variation may be indicative of either a failure of the simulations to provide an adequate 

representation of the structure on the ground or problems in the dataset (e.g. poor atmospheric 

correction), which hinder an accurate representation of the directional reflectance and variance in 

each image window. The high RMSEs seen in the variance prediction may be visualised in Figures 

7.34 and 7.35, which show the measured and predicted variance at each waveband for windows A 

and B.

The inability of the method to accurately predict variance at any waveband, is clearly shown. In 

addition the results show notable biases with associated RMSEs over 100%, which is indicative of
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Figure 7.34: Measured and forward modelled directional variance in each waveband, for the LUT
point associated with the lowest RMSE from Window A (sparse vegetation)
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a gross misrepresentation by the model.
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A Solution per Waveband

It was thought that the poor results may have been due in part, to the summation across all wave

bands. As such, inversions were performed to provide individual solutions per waveband. Visual 

fits are shown in Figure 7.36. Corresponding errors are given in Table 7.10. Note that RMSEs 

are given for windows only since these exemplify the pattern of results found over all window 

inversions.

Image Window Waveband Retrieved Parameters Relative RMSE
Tree Size Tree Density Canopy Cover (%) p̂cr

A Red Average 0.0162 62.67 0.118 0.020
A Green Average 0.0162 62.67 0.128 0.215
A Near-Infrared Big 0.0049 30.51 0.107 0.171

Table 7.10: Retrieved parameters associated with the best fit LUT point in inversions across indi
vidual wavebands and associated error

For the majority of cases, both the modelled reflectance and the predicted variance may be seen 

to be improved considering inversions across individual wavebands. Associated errors are signif

icantly reduced in all cases, with differences between the epo- and ep errors substantially lower. 

Relative RMSEs for each fit do not exceed 16%, which signifies a vast improvement to the error 

over all wavebands. In addition (although this is not reflected in the results for windows A and B) 

errors associated with fits for the green waveband were consistently higher than those associated 

with inversions using the red and near-infrared wavebands. This may be due to the fact that the 

green band is more susceptible to errors induced by a poor atmospheric correction.

A solution per waveband, albeit more successful in representing the shape and magnitude of both 

directional reflectance and variance, does result in problems when interpreting retrieved parame

ters since different realisations of forest cover may be identified as the best fit for each waveband 

of the same scene (as seen in Table 7.10, where the near-infrared band identifies a different canopy 

cover as the most appropriate in comparison to the red and green bands^^).

It should be noted that inversions were also performed considering a solution based entirely on 

the mean spectral response (Equation 7.7) with no consideration of a prediction of variance. This 

was done to examine whether the prediction of variance was responsible for the poor fits found 

in results minimising the epo- error term. Results were calculated, both summed across multiple 

wavebands and for each waveband individually. For the former RMSEs were low for each inver

sion (5%) and the visual fits of modelled reflectance significantly better (prediction of variance

'^Note that even when the same tree size and density class is inverted the forest cover varies due to the effect of 
multiple realisations.
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Figure 7.36: M easured and forward modelled directional variance in each waveband, for the LUT 
point associated with the lowest Cp from W indow A (sparse vegetation)
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in these cases was not considered). However, variations in retrieved structural param eters were 

minimal. For results calculated for wavebands individually RM SEs were slightly higher, although 

modelled reflectance remained representative o f the general shape observed in m easured direc

tional reflectance. A larger variation in retrieved param eters was observed in this case, although 

the problem of multiple parameters inverted for a single scene (given different waveband inver

sions) was found to be more significant.

7.7.3 Uncertainty in Parameter Retrieval

As implied above, the relative error in fitting was significantly larger than that seen in the high- 

resolution LUT inversion, particularly for that associated with a prediction of the local directional 

variance. Results presented above have shown that the best fit LU T point in canopy structure does 

not produce accurate or reliable predictions of variance (and only generally descriptive models 

of directional reflectance). The uncertainty in retrieved param eters was thought to be high given 

that the model required an inversion of six parameters, with only seven observations (for each 

waveband). However, a brief examination of the error across the LU T was used to further explore 

the uncertainty in retrieved parameters. Figures 7.37 and 7.38 show the uncertainty in retrieved 

parameters as characterised by the mean and standard deviation in RM SE (ep^r) as a function of tree 

densit, for each of the three tree sizes. Note that realisations with an RM SE of greater than 100% 

were not included. These results correspond to inversions done separately over each waveband 

(given that these had lower overall errors), although results for the red and green bands were very 

similar and as such, only the red and near-infrared are represented.

(a) Red Band (b) Near-Infrared Band

Eigure 7.37: Mean ±  one standard deviation in epo- as a function of tree density, for all classes of 
tree size, from inversions over W indow A (sparse vegetation)

A  distinction between the mean error associated with different classes o f  tree size and density can
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I

(a) Red Band (b) Near-Infrared Band

Figure 7.38: M ean ± one standard deviation in epo- as a function of tree density, for all classes of 
tree size, from inversions over W indow B (dense vegetation)

be seen for both image windows in the red band, although the variance at each tree density is large 

and causes significant overlaps between classes, especially at low density classes. A distinction in 

the near-infrared band is harder to identify, with the mean error of realisations of both small and 

average sized trees at a similar level for all tree densities. In all cases, the mean error associated 

with each class of tree size and density is greater than 25%, which reflects the poor results seen 

above.

The mean error as a function of canopy cover was similarly high. Figure 7.39 shows the mean and 

standard deviation in relative RM SE as a function of canopy cover (i.e. for multiple combinations 

of tree size and density) for the red and near-infrared band. In addition to the mean error being high 

for all classes, the variance within individual classes was significantly greater than that observed 

for individual classes of tree size and density.

Figures 7.37 to 7.39 exemplify the results found for all image window inversions. Results for 

inversions based only on ep did not vary significantly and the variance in retrieved parameters 

for €pcr summed over all wavebands was even higher than that observed here. Results show the 

relative errors at all wavebands to be significant, with a very low confidence in the accuracy of 

retrieved param eters (given the high levels of uncertainty). Given the poor quality of results as 

shown in this and the preceding sections analysis of the scene-m odelling inversion method for 

structural param eter extraction from the A irM ISR data was taken no further. Instead, a discussion 

of the reasons for its poor performance as well as the im plications for further model development 

is included below.
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Cènopg Cover

(a) Window A

£?

(b) Window B

Figure 7.39: Mean ± one standard deviation in epo- as a function o f canopy cover, from inversions 
over W indows A and B using the red and near-infrared wavebands of data

7.8 Summary of AirMISR Findings and Future Paths of Investiga

tion

Implem entation of the scene-modelling inversion using spatial statistics has clearly not been as 

successful here as the application to high resolution data described in previous Chapters. A lack 

of confidence in the estimates of brightness and soil BRDF terms for each LU T point has hindered 

any further analysis regarding the mapping potential of the method. This lack of confidence arises 

from the large errors associated with each model fit and the inability of the method to accurately 

predict local window variance. Reasons why this may be so are numerous.

The first concerns the quality of the data post pre-processing. In this case the sensor calibration 

of the AirM ISR imagery over M ongu has been acknowledged as poor (Roberts 2003) and the 

consequences in terms of image quality have been seen to be large (Figure 3.13). Data acquired at 

oblique view angles are particularly badly affected with the presence of a vertical ‘banding’ clearly 

noted for all wavebands (albeit in varying degrees). This banding is also visible at all view angles 

of data acquired in the blue band (hence its original exclusion from  the inversion). In addition to 

the problems with sensor calibration, the atmospheric correction was also thought to be poor due 

to hazy conditions during image acquisition, which could not be accurately accounted for in the 

atmospheric correction algorithm (Roberts 2003). The downturn in directional reflectance seen for 

all wavebands at extreme view angles is indicative of an inadequate atm ospheric correction.

The second principal reason for the poor perform ance of the scene-m odelling inversions from 

the AirM ISR data constitutes a lack of redundancy in the data, a problem made worse by the 

fact that not all the data were able to be used (given the removal of the blue band and all of



CHAPTER 1. APPLICATIONS TO ALTERNATIVE DATASETS 332

the imagery acquired at ± 70.5°). The scene model in this case is significantly more complex 

than that established for the air-photos over Cat Tien, com prising six (rather than two) brightness 

param eters (per waveband) for which a solution must be found. Given only seven observations, it 

is not surprising that the error in fitting is large and that an appropriate solution is difficult to find.

A justification for the use of a scene-model with added com plexity has already been given in Sec

tion 7.3. The shape identified in the directional reflectance o f ‘soil pixels’ makes the inclusion of 

a set of soil BRDF param eters essential (and given an adequate atm ospheric correction, advanta

geous). Use of a scene model made up of all four sunlit and shaded elem ents may be considered 

preferable given the histogram behaviour noted in Section 7.3, although not necessarily essential. 

If the shadowed terms (crown and ground) could be grouped together, the ratio of observations to 

param eters for inversion would decrease to 7:5. Indeed, given that shadows may have a similar 

spectral response a poor separability between the two elem ents may hinder the inversion perfor

mance. This is true for all elements in the scene: that is, a clear distinction between the crown and 

ground (both sunlit and shadowed) is required for a successful inversion.

Figures 7.11 to 7.13 have shown that there are cases where a consideration of four scene ele

ments is necessary. However, further examination of the image histogram s (over a wider set of 

subsections) revealed a potential cause for inaccurate inversions. Figure 7.40 shows an image sub

section and corresponding histogram from the IKONOS high resolution red band of data. There 

is a noticeable lack of shape in the histogram, with only one significant peak visible. Clearly, any 

inversion required to extract four separate spectral signals from such a scene would have difficulty 

in providing an accurate solution.

R ed Band H istogram

Figure 7.40: The lack o f easily separated multiple elem ents within a local image histogram from 
the IKONOS red band of data (with corresponding window in panchrom atic band for visualisation)

The presence of a single-peaked histogram such as that seen in Figure 7.40 was not prevalent in 

the IKONOS image subsections examined. M ore common though, was a problem regarding the 

shadowed scene elements as hinted above. Figure 7.41 shows a histogram  that was not atypical of 

results seen from the IKONOS data. The identification of three peaks and therefore three separable
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elements, can be clearly made although the presence of a fourth is not so apparent. This reflects 

a common problem concerning shadowing: principally that shadowed elem ents can rarely be sep

arated in terms of their spectral response with ease. Another com m on problem with shadowed 

elem ents in the scene is behaviour such as that noted for the high resolution air-photos over Cat 

Tien, where shadowing appears at the lower ends of each distribution and is difficult to identify as 

an individual elem ent of the histogram.

EKONOS Window

R ed Band Histogram

Figure 7.41: The grouping of shadowed scene elem ents within a local image histogram from the 
IKONOS red band of data

The principal implication of Figure 7.41 with respect to model refinement for the AirM ISR data 

is the potential need for a grouping of shadowed crown and ground i.e. the inversions could be 

re-processed with the shadowed crown and ground represented as a single scene element. Given 

the poor quality of the dataset though, this has not been im plem ented here.

7.8.1 Further Model Development

It has been the aim of this Chapter to describe a framework for im plem enting the scene-model 

inversions to a dataset o f coarser spatial resolution than the air-photos previously used. Despite 

the poor results presented for the AirM ISR data above it is clear that a dem onstration of the ap

plicability of the scene-model inversion technique has been achieved. In addition, the inability 

of the method to accurately retrieve canopy structural param eters may be attributed here to inher

ent problems with the data (poor pre-processing and insufficient sampling) rather than with the 

inversion technique per se.

Given these problems, further development of the model for the A irM ISR data was not attempted, 

although a discussion of the potential refinements that could be made with a more successful 

dataset may be instructive. The most obvious comprise modifications to the form ulation of an 

error function for minimisation in inversion. It is thought that results using an error function 

formulated on the local window variance with or without the additional m odelling of the mean 

spectral response (Equations 7.16 and 7 .1 1 respectively) would be both more successful as well as
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more in line with previous work developed using semivariance. The notable spatial, spectral and 

angular variations in local variance across the data (Figure 7.10) imply the presence of additional 

information which would necessarily benefit any attempts at inversion. An attempt at incorporating 

a consideration of this information has been made in the inversions presented above (in the form 

of a dependency on accurate predictions of local variance) although in this case a low confidence 

in £p make the local variance predictions potentially unsuitable and unquestionably less accurate.

In addition to modifications based on the error function, refinements could also be made to the 

scene-model itself so as to better represent the vegetation on the ground. Unlike the scene model 

used for the air-photos, which (as presented) was the result of several modifications post pre

liminary trial experiments, the scene model used for the AirMISR data was a preliminary model 

developed for an exploratory analysis of the method implemented at a coarser resolution and one 

which, given the poor quality of the data, was not refined for further use. Had the results been 

more promising, it is obvious that further development of the scene model would be beneficial. It 

is acknowledged that the categorisations of vegetation into broad classes of tree size and density 

are unlikely to be representative of vegetation on the ground and as such, further development 

may include a consideration of the inter-relationships that may exist between other structural tree 

parameters (although this would require more extensive field surveys both within and beyond the 

Kataba Forest Reserve). The results for this data (albeit largely inaccurate) would suggest that 

use of the higher densities of trees are inappropriate and the modelling should therefore consider a 

more limited range over which an increased number of classes may be accounted for. Furthermore, 

future modelling for inversions using spatially averaged terms over small windows may wish to 

consider a greater number of local realisations to enable the use of Equation 7.10 (rather than 7.9), 

which may provide a more reliable solution.

Lastly, is the potential for data fusion. Given the presence of data over Mongu at multiple spa

tial resolutions, albeit at different times in the year^^ it had been hoped that the scene-modelling 

method could be used to corroborate results from multiple resolutions. This could include both an 

application of the high resolution scene-modelling inversion to the IKONOS data (for validation 

of AirMISR results or as initial estimates for the AirMISR data) or a more detailed local histogram 

analysis to provide independent estimates of canopy cover. However, given the limited scope of 

this project and the lack of confidence in results from the AirMISR data, a full implementation 

of the high-resolution method for IKONOS data was not applied and the local histogram analysis 

was limited to exploratory investigation only. Further examination of the local histograms has the 

additional problem of shadowed scene elements as well as the complication of requiring adapta

tion for a multi-spectral dataset (where the proportions of each scene element must be constrained

^*The AirMISR data, at a spatial resolution of 27.5m  ̂ were acquired on 6* September 2000; whilst the IKONOS 
data, at a spatial resolution of 4m  ̂ (and Im^) were acquired on 10* April, 2000.
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to be consistent across wavebands).

With regard to the former the separability of shadowed crown and ground within a single histogram 

has already been shown to be often limited. Although these terms could be grouped together to 

comprise a scene of only three elements (sunlit crown, sunlit ground and shadow) any derived 

estimates of canopy cover would necessarily involve a margin of uncertainty determined by the 

proportion of ‘total shadow’ making up the scene. In scenes where shadows are dominant (e.g. 

at large solar zenith angles) the level of uncertainty will be large thus limiting the validity of 

comparisons across the two datasets^^. For the IKONOS and AirMISR data this may not be of 

significant concern as the shadowed elements of the images may be seen to be relatively small, 

although it should be taken into account when applying the method to alternative datasets.

In conclusion, it is unfortunate that results from inversions over the AirMISR data have been 

so poor. However, this is not thought to diminish the potential of the scene-modelling method 

with spatial statistics developed for a coarser resolution. One of the principal advantages of a 

scene-modelling approach to inverting tree structural parameters from remote sensing data is the 

adaptability of the method to multiple spatial resolutions, given that scenes may be easily simulated 

at any spatial resolution required. In addition, a scene-modelling approach has the flexibility 

to incorporate multi-angular and multi-spectral data as well as the ability to mimic resampling 

procedures such as those performed on the AirMISR data as discussed in Section 7.5.3 above. 

Underlying topographic effects may also be explicitly integrated and a wide range of experimental 

conditions accounted for including variations in the spatial distribution of trees incurred through 

the use of a limited operating window (through the use of multiple realisations). The approach is 

however, reliant on the appropriateness of the scene model used and therefore care must be taken 

in its development and refinement to ensure an adequate representation of the vegetation present 

on the ground.

7.8.2 Temporal Studies in Cat Tien

As stated above, an advantage to the scene-model based inversions described herein is the possibil

ity of data fusion. In addition to the potential for this with respect the AirMISR and IKONOS data, 

a note should be made with regard to further investigations for Cat Tien using multiple datasets. 

Of particular interest would be a temporal analysis of changes in the forest structure with specific 

attention paid to the broad-scale changes incurred through defoliation in the 1960s and 1970s and 

the more recent changes associated with a growing socio-economic pressure on the Park bound

aries. That such changes have occurred is clearly evidenced by a simple temporal false colour

'^Note that shadows may also dominate at large view angles and estimates of cover should be calculated at a view 
angle as close to nadir as possible.
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using scene-modelling with spatial statistics for forest parameter extraction from a temperate field 

site. Given that it was beyond the scope of this study to have developed a full scene-model for 

this site, analysis has been restricted to an initial exploration of local image histograms over four 

areas of known and varying land cover. This was done with a view to establishing the feasibility 

of implementing a scene-modelling inversion for this data and identifying the potential issues and 

problems that may arise with any such implementation.

7.9.1 Thetford Forest

Thetford Forest is a long-managed site owned by the Forestry Commission (FC) and situated in 

south Norfolk. It is largely composed of even-aged mono-cultural stands of Corsican or Scots Pine 

at various stages of growth (Rowland et al. 2003). Choice of this field site for the feasibility study 

presented below was influenced by a number of factors notwithstanding the fact that it comprises 

a temperate forest. These principally involve the availability of data (both ground and remote- 

sensing data) as discussed below, although also include the lack of any significant topography 

in the area as well as the presence of a wide distribution of forest stands in terms of mean tree 

age and density. The former simplifies any parameterisation of the scene-model (as topographic 

effects are less likely to need accounting for) and the latter provides small areas of uniform forest 

characterised by a range of varying size and density thus creating an ideal site for testing the 

inversion method over multiple categories of forest structure.

7.9.2 Quasi-Simultaneous Optical and Radar Imagery

The imagery over Thetford Forest used herein comprised data collected during the SAR and Hy- 

perspectral Airborne Campaign (SHAC) carried out in May-June 2000. SHAC was co-funded 

by the Natural Environment Research Council (NERC) and the British National Space Centre 

(BNSC) and was responsible for the acquisition of data from two airborne sensors: the Exper

imental Airborne Synthetic Aperture Radar (E-SAR) and the Hyperspectral Mapper (HyMap). 

Data were acquired within a few weeks of each other and constitute quasi-simultaneous optical 

and radar imagery, which could provide an interesting dataset for future implementations of the 

scene-modelling inversion method. Further details of these instruments and the data collected 

from them are given below. It should be noted that in addition to the remote sensing data, ground 

measurements made over 24 stands (two 20m^ plots within each stand) between 19* June and 

July, 2000 were also made available. These were used to identify four stands of varying age and 

density (Table 7.11) over which small windows of E-SAR and HyMap data were extracted and 

used in exploring local image histograms.
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Stand Year Planted DBH (m) Height* (m) Density (/m^) Location^
Northing Easting

1 a 1994 0.029 1.910 0.388 291460 580890
Is 1994 0.032 1.850 0.293 291460 580890
3a 1966 0.287 19.940 0.070 291330 580480
3s 1966 0.275 19.210 0.058 291330 580480

1 2 a 1958 0.363 22.680 0.053 288860 584110
12s 1958 0.302 20.810 0.075 288860 584110
23^ 1986 0.173 7.130 0.183 290350 584410
23g 1986 0.178 7.060 0.140 290350 584410

*At top of canopy ^UK Ordnance Survey Projection

Table 7.11: Structural characteristics of trees derived from ground measurements in four forest 
stands identified for use in the feasibility study presented herein

HyMap

The HyMap instrument was built by Integrated Spectronics and is operated by Hy Vista. As im

plied, it is a hyper-spectral sensor and collects data in 126 narrow wavebands from the visible 

to shortwave infrared (Table 7.12). Data over Thetford was provided in all 126 wavebands, geo

referenced and spectrally calibrated at a spatial resolution of 4.4m^^. These data were acquired on 

the 18* June, 2000.

Module Spectral Range (/im Bandwidth (nm) Mean Spectral Sampling (nm)
Visible 0.45-0.89 15-16 15

Near-Infrared 0.89-1.35 15-16 15
Shortwave-Infrared I 1.40-1.80 15-16 13
Shortwave-Infrared II 1.95-2.48 18-20 17

Table 7.12: HyMap spectral sampling

An example of the HyMap data is given in Figure 7.43. This shows an RGB colour composite 

of a subsection of HyMap data acquired over Thetford Forest. The four stands identified for use 

through the ground measurements are highlighted and noticeable differences between them are 

clearly visible.

E-SAR

E-SAR is a high resolution (< 10m) multi-frequency, multi-polarisation synthetic aperture radar 

owned and operated by the German Aerospace Research Establishment, DLR (Horn 2003). It was 

originally designed to support the ERS-1 and SIR-C/X-SAR space missions, although has since 

been developed for use in its own right as an independent airborne sensor.

^'Note that no pre-processing was performed by the author: all data were supplied radiometrically and geometrically 
corrected by courtesy of the BNSC SHAC.
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Figure 7.44: VV polarised X Band E-SAR data over Thetford Forest (image reproduced here by 
courtesy of BNSC SHAC)
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size (Table 7.14).

342

Data Spatial Extent (pixels)
Stand 1 Stand 3 Stand 12 Stand 23

E-SAR L Band* 220 X  220 150 X  220 130 X 120 150 X  220
E-SAR X Band 400 X  400 261X  241 251 X  251 261 X  241

HyMap 45 X  45 45x20 30x30 70x45
*For all polarisations

Table 7.14: Spatial extent of local windows extracted from data over Thetford Forest

These image windows were then used to examine local image histograms over the forest stands 

of varying structure. In each case results were used to discuss the implications with regard to any 

future implementation of the scene-modelling inversion with spatial statistics.

7.9.3 Hyperspectral Image Histogram Analysis

The HyMap data were investigated first. Compared to the datasets used for scene-model inversions 

in preceding chapters the HyMap data varies in terms of its spatial, spectral and angular sampling. 

Angular sampling is similar to the air-photos in that a single view angle of data is provided. How

ever, the HyMap spectral sampling is significantly superior to both the air-photos and AirMISR 

and provides data in 126 individual wavebands across the visible and infrared spectrum^^. With 

regard to the spatial resolution (4.4m) the HyMap data lies physically closer to the air-photos, al

though practically the presence of multiple scene elements within a single pixel makes the HyMap 

data similar to that acquired by AirMISR.

Given both these differences in data sampling and the differences introduced through the use of 

a temperate field site, the question to ask is therefore ‘is the scene-model based inversion with 

spatial statistics still feasible and of potential value’? The use of a temperate field site should not 

be considered a hindrance to the method especially one such as Thetford Forest where not only 

is there a large variation in the structure of forest stands allowing for robust model testing but 

the trees are generally uniform within any given forest stand and, given that they are mostly of 

Pine species, may be represented with simple geometric shapes. This latter point is particularly 

beneficial for the continued use of a geometric-optical approach to the scene-modelling, where 

trees may be modelled as ‘cones on sticks’. The lack of significant topography further simplifies 

parameterisation of the scene model.

Concerning the differences in data sampling the presence of a single angular sample would re

quire a significantly reduced LUT in forest structure and the hyperspectral nature of the data may 

obviously be considered a benefit rather than any limitation. Effects due to the change in spatial

^Note that all reflectance values presented here have been arbitrarily scaled by a factor o f 10000.



CHAPTER 1. APPLICATIONS TO ALTERNATIVE DATASETS 346

Local 1 mag* Histogr

(a) Stand 12

Local I mag* Hiatogra

(b) Stand 23

Figure 7.49: Variations in the shape and magnitude of local image histograms associated with 
changing waveband for two forest stands of varying structure
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This spectral variability in the shape of the local image histogram may be accounted for through 

the introduction of a number of constraints to ensure that the proportions of crown and ground 

within a scene remain constant with wavelength. Fluctuations in the mean of each Gaussian in 

this case should be allowed, to account for the variable reflectance at each waveband. The limited 

scope of this study has meant that the implementation of multi-spectral constraints within the 

Gaussian model fitting was not achieved. However, a consideration of the method stability was 

made through the examination of fluctuations in parameters inverted from separate applications of 

histogram fitting for each waveband.

Local image histograms extracted from all 126 spectral bands of HyMap data were fitted with a 

multi-peak Gaussian model. In this case the model was bi-modal. Although the choice of a bi- 

modal Gaussian was principally made for simplicity sake (given that this was a feasibility study 

only) the lack of any significantly visible shadows further supported its use. It is acknowledged that 

any future development of this work for Thetford Forest would require a more detailed exploration 

of the influence of shadowed scene elements prior to the construction of an appropriate scene 

model. Figure 7.50 shows the local image histograms and bi-modal Gaussian models fitted to 

them for four wavebands of HyMap data (in the red, green, blue and near-infrared) over a single 

forest stand.

The multi-spectral histograms clearly vary with wavelength, as does the shape of the Gaussian 

models fitted to them. In the blue and green wavebands the histogram is categorically uni-modal. 

This is tme of all the forest stands and although a bi-modal Gaussian may be successfully fitted, 

the accuracy of any such fit is clearly debatable. The red and near-infrared histograms though, may 

be considered bi-modal although in this case it is interesting to note that one of the distributions 

is clearly dominant (the lower one), with a second distribution appearing as a ‘shoulder’ on the 

upper side. This may indicate a significant overlap between the proportions of scene elements 

within the local window analysed. The model fits observed in Figure 7.50 would tend to suggest 

that the inversion successfully represents the general shape of the histogram. Although this is 

tme for the majority of local histograms analysed, there was still a large number of histograms at 

various wavelengths when the model could not be considered representative and the error in fit (e) 

was large.

Individual parameters associated with each Gaussian model fit were extracted and examined across 

multiple wavebands. Of particular interest was the extraction of the mean associated with each 

distribution (related to the mean reflectance of each ‘majority’ scene element) and the proportions 

of one distribution with respect to the other. The distributions were associated with sunlit crown 

and sunlit ground through a visual assessment of the relative spectral response of these scene 

elements at each wavelength. The general observation was that ‘crown’ pixels tended to be darker 

than ‘ground’ pixels at all wavebands. This would seem to be in accordance with preliminary
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observations from the local image histograms, given that the dominant distribution over all forest 

stands was found to be the one at the lower end of the histogram (i.e. sunlit crown), which will 

necessarily be prevalent given that all extracts are over forest stands (albeit of varying density).

Therefore, parameters associated with the distribution at the lower end of the local image his

togram were extracted and used to represent the distribution of tree crowns within the scene and 

those associated with the distribution at the higher end of the histogram used for describing the 

presence of ground pixels. An analysis of the distribution means across wavelength should reveal a 

signal associated with the reflectance of both vegetation (crown distribution) and soil (ground dis

tribution). Figure 7.51 shows the mean of each distribution as extracted from the Gaussian model 

fit for each forest stand. Note that fits with a standard error of greater than 2% are not included in 

the graphs.
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Figure 7.51: Mean crown and ground brightness as extracted from the image histogram fitting 
from HyMap data over different forest stands

The most significant finding from Figure 7.51 is that the ‘ground’ brightness extracted for each 

forest stand is clearly not representative of a soil reflectance term and has the characteristic shape
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of a vegetation spectral response. There are many potential explanations for this. It could be that 

the distributions are related to the presence of sunlit and shaded crown (rather than sunlit crown 

and sunlit ground). Alternatively, it might be the effects of spectral mixing within individual pixels. 

Given that crown and ground may both exist within a single pixel the spectral response from such 

a pixel will be influenced by the reflectance of both. The spectral response of ‘majority’ soil pixels 

then may simply be a ‘dampened’ vegetation response as seen in Figure 7.51 rather than a clear 

soil response as hoped for. Note that in the stands of high forest cover (1 and 12) the separability 

between the two distributions is very small suggesting a large overlap between the proportions of 

either scene element, which may be caused by both the ‘mixing’ of elements within individual 

pixels or by their being representative of sunlit and shaded crown.

In addition to an examination of the inverted brightness terms, estimates of canopy cover were 

made for each waveband using the proportion of the histogram accounted for by the ‘majority 

crown’ distribution. The mean and standard deviation across all wavebands for each forest stand 

is given in Table 7.15.

Stand Canopy Cover %
Mean Standard Deviation

1 70.59 26.57
3 63.30 21.94
12 51.63 33.54
23 65.48 14.31

Table 7.15: Estimates of canopy cover for each forest stand, inverted from local image histogram 
fitting over 126 wavebands of HyMap data

It is interesting to note that the estimates of canopy cover correlate with tree age and density in that 

the least dense stand (12) has the lowest estimated forest cover and the most dense (1) the highest. 

However, this does not relate to the observation that at both high and low densities of young and 

old trees respectively the forest cover should be high. This may be due to the fact that the singular 

distributions from which estimates of canopy cover are derived for this dataset do not include any 

estimates of canopy cover that may be contained within the second distribution given the presence 

of mixed elements within individual pixels.

Fluctuations between estimates across wavelength were observed across both the visible and in

frared modules. The standard deviation of these fluctuations in each case may be considered 

relatively high (Table 7.15) and in the case of forest stand 12 is larger than half the average value 

estimated. This implies a need for constraining the histogram fitting across wavebands in any 

future implementation of the histogram inversions using HyMap data over Thetford Forest.
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Implications for Future Applications

Despite the problems identified in the local histogram analysis, the HyMap data have shown signif

icant potential for a successful application of the scene-modelling inversion method. In particular, 

the variability in the coefficient of variation and the mean response of the different forest stands 

suggests that an inversion of forest parameters based on local spatial statistics is feasible.

With respect to the scene-modelling required for this dataset it is clear that a larger consideration 

would have to be given to the potential influence of shadowed elements in the scene, particularly 

shadowed crown. However, the histograms are generally multi-modal (except for blue and green 

wavebands), which would suggest that a separation of scene elements should be possible (although 

a greater consideration must be given to the physical meaning of these scene elements given the 

mixed signal associated with individual pixels).

7.9.4 The Potential for Radar Applications

One of the attractions of using Thetford Forest as a potential field site for future studies is the 

availability of quasi-simultaneous optical and radar data as described above. Thus far the scene- 

modelling inversion developed herein has been demonstrated for the former, although it is ac

knowledged that a key advantage would be a more general applicability to both optical and radar 

data. This section therefore attempts to examine the feasibility of using the latter.

The radar imagery available over Thetford consisted of X and L band airborne E-SAR data. The 

spatial resolution is comparable to the HyMap data (being 3.99x1.8 for the X band and 3.99x3 for 

the L band), meaning that the presence of multiple scene elements within a single pixel is likely. 

The presence of multiple bands of data may allow for multi-frequency analysis although additional 

consideration must be given to the means of achieving this since the mechanisms influencing 

backscatter response at either X or L bands are known to be significantly different (Lillesand and 

Kiefer 1994).

The key question in applying an inversion based on the method developed herein to the radar data 

is ‘how to approach the scene-modelling’? One of the major advantages of the method as applied 

to optical data is that the nature of the data allows for a significant level of abstraction with regard 

to the scene-model to allow for a simple and general model that is applicable to all wavebands. 

With regard to the radar data it is not known whether such an abstraction is possible, given that 

the backscatter from a forest stand at X band will be influenced by different characteristics of the 

canopy to that observed at L band. The scene-model may therefore need the additional complexity 

that would enable propagation through the canopy to account for the backscatter from tree trunks 

and potentially the ground at larger frequencies. Such a model has been presented by Sun and
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Ranson (1995) and is described in Section 2.7.3. Trees may be modelled here as simple geometric 

shapes in keeping with the geo-optical approach developed for the optical data and may be spatially 

distributed across the scene as required.

In addition to modifications that would be required with regard to the scene-modelling, any po

tential application to radar data would necessitate a consideration of the problem of speckle. This 

is not necessarily a problem to the scene-modelling since the effects of speckle may be easily in

corporated into the simulations (Sun and Ranson (1995) use a zero-mean, multiplicative Gaussian 

noise to represent speckle). However, the presence of speckle will undoubtedly affect the spatial 

statistics of an image and may even dominate the local image texture thus hindering the use of 

potential texture measures in information extraction. The feasibility study for the E-SAR data 

over Thetford Forest therefore concentrated on an examination of the speckle effects within local 

image windows centered over the different forest stands. The aim was to establish whether the 

data were speckle dominated or if there was enough texture (beyond that induced by speckle) to 

justify the implementation of an inversion method based on the use of scene-models with local 

spatial statistics.

Local Image Histograms

The histograms of local subsections of data extracted from the four forest stands used above (Table 

7.11) were calculated and examined. These are shown for the different frequencies and polarisa

tions in Figure 7.52.

The histograms may be seen to vary in magnitude across the four forest stands, although remain 

similar in shape across multiple frequencies and polarisations. It is interesting to note that in all 

cases the histogram appears unimodal with a single principal peak. Use of the histogram fitting 

methods previously described may be considered unsuitable then for this dataset. However, the 

use of spatial statistics and local texture measures may still be applicable if the histograms are not 

speckle-dominated.

Distributions Dominated by Speckle

Given the local image mean intensity, a speckle-dominated distribution may be described as

where T{N) is (N -  1)!, I is the intensity at a given point, N  is the number of looks (in this 

case, 4) and yu is the local image mean intensity (Oliver and Quegan 1998). For each of the local 

image histograms seen in Figure 7.52 the corresponding speckle-dominated distribution may be



CHAPTER?. APPLICATIONS TO ALTERNATIVE DATASETS 355

Band Polarisation Coefficient of Variation
Stand 1 Stand 3 Stand 12 Stand 23

L HH 0.77 0.67 0.55 0.62
L HV 0.75 0.65 0.57 0.69
L VV 0.71 0.62 0.59 0.63
X VV 0.85 0.88 0.73 0.83

Table 7.16: The coefficient of variation for local image histograms over four forest stands in Thet
ford Forest across multiple frequencies and polarisations of E-SAR data

In all cases, the cV calculated from the local image intensity distributions may be seen to be 

greater than those calculated for the corresponding speckle-dominated ones. This is indicative 

of the fact that an appreciable level of image texture unaccounted for by speckle effects exists in 

the data and may potentially be used in developing a scene-model based inversion incorporating 

local spatial statistics and texture measures. Note that the cV is consistently (relatively) higher for 

the histograms derived from the X band, which would suggest that this is the most suitable for 

further model development. Variations in the cV across different forest stands suggests that the 

local image texture of each varies with mean tree age and density, which implies the potential for 

differentiation across stands and derivation of local tree stmctural parameters.

This may not be true across the entire image: results from stand 12 suggest that there may be local 

areas where speckle effects are too severe to accurately interpret texture information and inversion 

may fail. However, it should be noted that this appears to be the case only for the L band data and 

in the X band all four forest stands show the presence of significant texture unattributable to the 

effects of speckle.

Implications for Future Applications

The preliminary analysis of E-SAR data over Thetford Forest presented here implies that there is an 

appreciable level of texture present in the data which may be exploited in inverting tree structural 

parameters using a method related to that developed for the optical data previously described and 

that the presence of speckle would not hinder the methods application. However, a consideration 

of the effects of spatial resolution on local image texture of the data must also be under-taken. This 

is of particular significance with regard to the E-SAR data used here as this has been resampled to 

a pixel size smaller than the resolution of the instrument. The resampling procedure per se is not 

problematic, since this is easily simulated (as seen in Section 7.5.3 above), the ability of the method 

to incorporate resampling effects may be considered one of its advantages. Effects on local spatial 

statistics however, may present greater difficulties to accurate interpretation of results given that 

local neighbourhoods of pixel values will inevitably contain some level of spatial auto-correlation 

solely attributable to the effects of resampling.
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The most significant adaptation in an application to radar data though, would be in defining an 

appropriate scene model. Although a certain level of abstraction of the scene may be achieved for 

any given waveband it will not necessarily be applicable to all frequencies of data given that the 

characteristics determining backscatter response are different in each case. It is thought that the 

Sun and Ranson (1995) model (with speckle) would provide a suitable starting point for future 

investigations and would allow for the development of an inversion method within the framework 

developed here for optical data.
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This study has focused on the development and application of a scene modelling technique using 

spatial statistics to derive forest structural parameters (mainly in terms of tree size, density and 

canopy cover) from remote sensing imagery at a variety of scales. The aim of this chapter in par

ticular is to draw the principal conclusions from the study as a whole. The conclusions associated 

with each experiment carried out throughout the study may be found at the end of each chapter. 

Important issues have been individually addressed within separate sections, as and when identified 

in the study. This chapter therefore focuses on a consideration of conclusions and issues within 

the context of the aim and objectives highlighted in Chapter 1 (Sections 1.4 and 1.5). First though, 

a short summary of the study is given.

8.1 Study Summary

Chapter 2 has provided a literature review of both the major methods already established for ex

tracting forest parameters from remotely sensed data, as well as the background to principal tech

niques employed herein including a consideration of scene modelling, geostatistics and local vari

ance. Two key issues were identified with regard to current methodologies for geostatical analysis 

of remote sensing data: limitations associated with the use of authorised models; and the existence 

of spectral variation in the range of variograms. Chapter 3 has described both the data available 

for the study, as well as the field sites used. With regard to the latter. Cat Tien is of primary im

portance and a description of the local environment and vegetation habitats was given. Chapter 4 

then considered some of the pre-processing issues associated with the historical air-photos.

Chapters 5 to 7 comprise the main body of experimental work. Chapter 5 described the application 

of established methods of geostatistical analysis to the air photo dataset and detailed associated 

problems. An alternative method, combining the use of a scene model and ‘variogram component 

modelling’, was therefore given. An experiment designed to explain the spectral variation in range 

noted in the literature was also given. Chapter 6 then applied the method developed in Chapter 5 

to high resolution air-photo data over Cat Tien. A full description of the inversion procedure was 

given and a test dataset used to investigate the accuracy and implications of results. Validation 

was provided through a comparison of independent methods of forest parameter extraction. Chap

ter 7 further investigated the necessary modifications required to apply the method developed in 

Chapter 5 to data of a coarser spatial resolution. A detailed consideration was given to applying 

the data to a set of multi-angular AirMlSR data of medium resolution and a feasibility study was 

presented looking at the potential of the method for hyperspectral and radar data of medium spatial 

resolution.
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8.2 General Assessment and Conclusions

The initial aim and objectives of the study were to provide a temporal analysis of vegetation dy

namics and land cover change in Cat Tien National Park in southern Vietnam. However, it was 

soon obvious that a temporal study would not be feasible due to a lack of data over the site. As 

such, the principal aim was modified to focus on the development of a robust and accurate method

ology, rather than on a temporal analysis. The following sections address key points associated 

with this. Note that issues regarding the applicability to the necessarily variant multiple datasets 

required in a long-term temporal study were still addressed, although in this case to compensate 

for the lack of data over Cat Tien spatial analyses from imagery acquired over different field sites 

were used.

8.2.1 Key Issues

In reviewing the literature regarding the use of spatial statistics within a scene modelling frame

work, two principal issues were identified (Chapter 2, page 83): a spectral variation in range and 

the use of authorised models. The former is of particular relevance with regard to the widespread 

assumption that variogram range may be directly related to object size (and spacing) in a scene, 

since the presence of a spectral variation in range retrieval suggests that it is not an objective 

measure of the underlying spatial structure of a scene.

A spectral variation in the range of variograms has been noted, demonstrated and investigated 

within this study. Chapter 5 (Figure 5.49) has shown that this spectral variation exists for simu

lated data and Chapter 7 confirms its presence in ‘real’ data (Section 7.2.2). The issue of spectral 

variation in range has been successfully addressed in Chapter 5, Section 5.8 where an explicative 

model is presented to account for the differences seen. The cause is shown to lie in the presence 

of multiple scales of spatial variation within a scene. These lead to variable ranges between the 

‘component variograms’ identified in Chapter 5, which combine to produce a scene variogram that 

is dependent upon the absolute and relative brightness of crown and ground scene elements (Equa

tion 5.33). The fact that the general shape of all three component variograms used in this study 

may be described by an exponential model means that their combination results in a smoothly 

varying function whose nested nature is not easily apparent. A successful inversion using a nested 

authorised model (of three exponentials) and numerical techniques is therefore improbable. The 

use of a look up table (LUT) of multiple realisations (in which there is some confidence in suitabil

ity) though, may be considered more likely to identify an appropriate spatial structure with which 

to describe the scene.

This last point relates directly to the second principal issue identified in the literature review:
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this being that past geostatistical analysis of remotely sensed imagery has focused on the use 

of authorised models to describe experimental variograms. Such restrictions inevitably carry a 

number of limitations, particularly if an extraction of information on the structural arrangement 

of objects in the scene relies upon empirical relationships built with authorised model parameters 

such as the range, since this has already been shown to be unstable in that it is spectrally variant.

It is argued in this study that abstracting the scene model variogram to a classical shape may 

be considered unnecessary in the case of remote sensing, where a very large number of samples 

are available to calculate reliable experimental variograms for both image and simulated scenes. 

Rather than fitting classical models to experimental variograms from simulated data and using 

associated range and sill parameters to build empirical relationships to biophysical parameters 

then, this study has shown how scene simulations may be used to provide a set of candidate model 

variograms for direct use in inverting experimental variograms obtained from the data (Chapter 6). 

Since candidate variograms are derived from physical realisations of scene structure, inversions 

may be used to directly infer information about forest structural arrangement in the scene.

In addition to these two principal issues, a third ‘feature’ of past studies regarding spatial statistics 

and scene modelling should be noted, this being the use of local variance in lieu of variograms for 

data of coarse resolution. This has been incorporated into this study in Chapter 7, where the use of 

local variance has allowed the scene modelling inversion method to be adapted for low resolution 

data. In this case, the spatial domain of information is still being exploited although the statistics 

used have been adapted according to methods previously reviewed and tested.

8.2.2 Assessing Empirical Techniques

Authorised variogram fitting was applied to high resolution air-photos over Cat Tien National 

Park. Retrieval of the local variogram range showed the ability of the method to identify broad- 

scale variations across images and although some problems related to the presence of significant 

topographic effects were noted, these could potentially be addressed through detrending the data 

as described in Section 5.3. Standard issues related to window size and model choice were dis

cussed and an optimal operating framework determined through the use of the Akaike Information 

Criterion. The development and use of range indicators in Section 5.2.3 further allowed processing 

time to be dramatically reduced.

Once ‘range maps’ had been generated, more significant problems were found in establishing em

pirical relationships between variogram parameters and the forest structural arrangement present 

on the ground. This was attempted through manual photo-interpretation, with results presented 

in Section 5.2.5 and shown to be very poor, although the use of a stereoscopic interpretation may 

have aided the delineation of individual trees. It is acknowledged that the results may have been
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significantly improved with the use of a scene model to derive the empirical relationships between 

range and ground structure, although given the more general problems associated with the use of 

authorised variograms this was not attempted. These problems include the fact that authorised 

models cannot account for variations that may be present in individual component variograms, as 

well as the problems associated with directly infering information from variogram range given its 

spectral variability as noted above.

8.2.3 Providing a Physically-based Modelling Framework

A working framework using a scene model has been developed that is applicable to multi-resolution 

data, albeit with variations in operational specifics (such as which spatial statistics to use). These 

variations may be considered necessary given that the interpretation of variograms is highly depen

dent upon the resolution of the data from which they are obtained. In the case of high resolution 

data, the variogram shape is clearly influenced by forest structure on a small scale (i.e. single 

trees), whereas at coarser resolutions its shape cannot reflect individual tree topology since each 

pixel may comprise multiple trees. In these cases the variogram shape is more likely influenced by 

spatial correlation at a broader scale, related to features such as stand size, and alternative statistics 

such as local variance (that will be influenced by variations in forest structure on a smaller scale) 

should be used. In view of these issues, attempts at developing a framework for retrieving forest 

structural parameters were divided into those directed at high resolution data (Chapters 5 and 6) 

and those directed at low resolution data (Chapter 7). The latter principally involved modifications 

to the former to account for the unsuitability of variograms as described above.

The framework has been developed for (and applied to) high resolution data in Chapters 5 and

6. A scene model was used to allow the deconstruction of a single variogram into the so-called 

‘component variograms’ and to derive a physically based understanding of the processes govern

ing variogram behaviour. An investigation regarding component variograms arising from variable 

experimental conditions has shown them to be highly sensitive to both the directionality of the 

experimental variogram as well as the existance of multiple realisations of spatial structure. The 

importance of brightness contrast between scene elements in influencing the variogram shape has 

also been highlighted. A LUT inversion has allowed for a physically based derivation of struc

tural parameters and has been shown in Section 6.5 to be sensitive to a number of operational 

characteristics including contrast, window size, directionality, weighting scheme and the inclusion 

of a consideration of mean reflectance in the error function. Results from the inversion method 

developed were difficult to gauge for the high resolution data over Cat Tien due to a lack of val

idation data. However, when compared to results from an independent retrieval based on local 

histogram analysis the results were encouraging. Inversions were stable with regard to retrievals
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of relative scene element brightness terms, although showed significant deviations in retrievals 

of canopy cover. This has been attributed to simplifications performed in constructing the scene 

model, problems associated with the formulation of an error function for minimisation and the 

lack of clearly defined regions for variations in forest structure in the imagery over Cat Tien.

In addition, a number of further issues with regard to the framework as developed here should be 

noted. The first concerns the use of a LUT in the inversion, which provides a flexible methodology 

that is efficient to run (despite requiring significant time and resources when populating the LUT). 

The use of a scene model allows the LUT to be populated with component variograms derived 

from physical realisations of ground structure that may be used with confidence in inversion. In 

addition multiple LUTs may be incorporated allowing for a denser sampling of forest structure, or 

variations in the allometric relationships driving the structural arrangement of objects in the scene. 

In this way, the LUT may be customised for any given region, constituting a major advantage of 

the inversion framework developed.

Tied to this are issues regarding the structural scene model developed here. It is acknowledged that 

the necessary simplifications involved in abstracting the scene to a set of ‘spheroids on sticks’ may 

have led to inaccuracies in parameterising the scene model, which may have been compounded by 

the limited validation and field data available. Furthermore, it is suggested that although the inter

relationships between tree parameters have been to some extent accounted for here (see Section 

5.5), a number of refinements may be put in place to improve the accuracy of the scene model.

These include the decoupling of DBH from parameters such as tree height, the incorporation of a 

growth model, the inclusion of an understorey and a reconsideration of the variance observed in 

allometric relationships between tree structural parameters.

Concerning the variogram modelling itself, the method has been shown to provide a much closer 

match between measured and modelled variograms than that provided by the use of a simple 

authorised (exponential) model. Figure 6.21 demonstrates the ability of the scene modelling inver

sion method to accurately simulate the subtle oscillations that are often present beyond the range. 

However, it should be noted that the necessity for simulating these high frequency effects has not 

been addressed. It is understood that they arise from patterns of constructive and destructive inter

ference in the periodicity of a variogram influenced by the size and spatial distribution of objects 

in the scene and are dampened by the use of variograms that have been spatially averaged (i.e. 

isotropic variograms or mean variograms over multiple realisations). However, further work is re

quired to establish a methodology for extracting reliable information on the structural arrangement 

of a scene from these so-called variogram ‘bumps’.

One of the principal issues of concern with establishing the modelling framework for parameter 

retrieval herein has been the lack of validation data with which to assess results. This issue has
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been addressed through the use of gaussian curve fitting with local image histograms (Section 6.6), 

which have provided the platform from which to gauge the sensitivity and diversion of results but 

inevitably, the histogram analysis will be subject to its own levels of uncertainty and as such, 

cannot be taken to represent ‘real’ expected results. Given the problems associated with a lack of 

validation data, it has been acknowledged that the study may have been better placed elsewhere, 

in a well-established field site with an existing framework for large-scale instrumentation and 

collection of ground data.

This leads on to the last major issue; that of the applicability of the method to multiple datasets. 

Given an equivalent appropriate scene model, there is no reason why the scene-modelling inversion 

method should not be applicable to high resolution data over other field sites (or temporal high 

resolution data over Cat Tien). The principal problems arise when considering the method for 

data of coarser resolution. As stated above, the use of variogram analysis to infer individual tree 

parameters from this kind of data is not appropriate and alternative spatial statistics are required. 

These are discussed below, since they were primarily investigated with a view to accomplishing 

the next objective.

8.2.4 Applicability to Multi-resolution Data

Despite the lack of multi-resolution data over Cat Tien with which to address this objective, an at

tempt was made at assessing the potential for multi-resolution applications of the scene modelling 

inversion method using data acquired over a separate field site in Mongu, Zambia. Given the re

lationship between local variance and canopy spatial structure as described in Chapter 2 (Sections

2.2.4 and 2.6.2), it was proposed as an alternative spatial statistic with which to derive information 

on local variations in canopy structure from coarse resolution data.

The use of the AirMISR dataset, which has different spectral, spatial and angular sampling charac

teristics to the air-photos has emphasised one of the principal strengths associated with the scene 

modelling technique developed herein; mainly, that variations in sensor characteristics may be ex

plicitly taken into account. Section 7.5 demonstrates the ability of the method to model variable 

pixel sizes and simulate resampling processes to which the data has been subjected.

Unfortunately the results associated with the scene modelling inversions from the AirMISR low 

resolution data have been shown to be extremely poor and significantly less successful than the 

variogram analysis over Cat Tien (see Chapter 7). The poor results are manifested as an incon

sistent and inaccurate modelling of directional variance, which has been primarily attributed to 

a lack of redundancy in the data. In addition, the inability of the method to accurately retrieve 

canopy structural parameters has been associated with a number of characteristics of the data and 

inversion method as applied herein.
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The first concerns data quality. In this case the sensor calibration has been acknowledged to be 

extremely poor, with significant effects on image quality as seen in Figure 3.13. In addition, the 

atmospheric correction was also thought to be inaccurate due to hazy conditions during image 

acquisition that could not be adequately accounted for in the atmospheric correction algorithm.

It is also acknowledged that the poor performance of the method was in part attributable to the 

crude structural model used. Results may be improved through model refinement to better rep

resent the vegetation present on the ground. This may include the incorporation of variable tree 

size and multivariate relationships between individual tree structural parameters as discussed in 

Section 7.8.1. Alternatively, modifications could be made to the formulation of an error function 

for minimisation in inversion. A pragmatic approach was taken herein, solving model parameters 

based on a mean reflectance and identifying the most appropriate ground structure based on a pre

diction of directional local variance. It is thought that results using an error function formulated on 

the local window variance, with or without the additional modelling of the mean spectral response 

(Equations 7.16 and 7.11 respectively) would be both more successful as well as more in line with 

the work in Chapters 5 and 6, developed using semivariance.

The last significant issue identified in considering the applicability of the method developed herein 

to multi-resolution data is the use of local histogram analysis as both an independent means of as

sessing high resolution results (Section 6.6 in Chapter 6) as well as in providing a preliminary 

feasibility assessment as done in Section 7.9 of Chapter 7. With regard to the latter, it has been 

demonstrated that histogram analysis may be used to examine both the separability of scene ele

ments in multi-resolution optical data, as well as the contribution of speckle to image texture in 

radar data. One of the major advantages of local histogram analysis is that it has been shown to be 

adaptive to variations in scene element brightness, as shown in Figure 6.46, making it robust to the 

presence of large scale topographic shadowing. It should be noted though that the application of 

histogram analysis to multi-spectral data has not been addressed in any detail beyond a compara

tive analysis of the consistency in retrieved parameters across multiple wavebands (Section 7.9.3) 

and requires further work.

8.3 Principal Contributions to the Field

This study has made a number of contributions to the subject of forest parameter retrieval from 

remote sensing data with scene modelling and spatial statistics. The incorporation of local spatial 

statistics is based on a recognition that textural information in the imagery may be useful in infer

ring forest characteristics at all resolutions. This is because the light and dark patterns in remote 

sensing images that make up the texture over forested scenes essentially represent the spatial pat

terns of sunlit crowns and projected shadows in the scene. This shadowing is, in turn, controlled
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by the size, shape and density of the trees present on the ground. It therefore follows that an anal

ysis of the texture in an image should allow for an informative assessment of the forest structure. 

The spatial statistics used have focused on measures of variance and semivariance over a local 

neighbourhood.

Past and present understanding of the relationship between local variance, variograms and scene 

spatial structure has been exploited to provide a consistent basis for model development across 

both high and low resolution data. Scene modelling has been coupled with varying spatial infor

mation, according to the resolution of the imagery under consideration; using variograms in the 

case of high resolution data and local variance in the case of low resolution data. The underlying 

framework of scene modelling though, still applies and is consistent throughout. Scene modelling 

follows a geometric-optical approach, given that this follows the same principles of shadowing 

from structure as those influencing texture as described above.

Regarding investigations using variograms and high resolution data, the contributions made by this 

study may be thought primarily in terms of having provided an explicative model for the spectral 

variation in the range of variograms as noted by several previous authors and an expansion of the 

understanding of how objects in the scene influence the shape and characteristics of a variogram. 

This may be considered of particular benefit to the research community, given that a number of 

studies have encouraged the use of the variogram range as an objective measure of the underlying 

spatial structure in a scene. The work performed herein however, suggests that it is not an objective 

measure and although is undoubtably influenced in part by the size and spacing of objects within a 

scene, it may also depend upon the absolute and relative brighmess of the scene elements if there 

are multiple scales of spatial variation present.

This study has also taken a novel approach to modelling the variogram, that is no longer limited 

to a list of authorised models. Rather, scene simulations have been used to provide a set of candi

date model variograms for direct use in inverting experimental variograms obtained from the data. 

The method allows for a much closer match between modelled and measured variograms (given 

an appropriate spatio-structural model). In addition, since candidate variograms are derived from 

physical realisations of scene structure, inversions may be used to directly infer information about 

the forest structural arrangement in the scene. This enables quantifiable estimates of forest param

eters to be made, for potential input to further environmental models or regional policy-making.

In addition to the contributions associated with the principal experimental work here, a number 

of developments arising from secondary analyses (i.e. beyond the establishment of a variogram 

component modelling technique) have been presented. These include a new application of stereo- 

matching to the problem of geo-referencing air-photos, which has essentially put forward the idea 

that in some cases where there are no obvious tie points available for image registration, topo
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graphic information may be used as a surrogate. The method has been shown to be robust and 

simple to implement and may be considered of benefit to high resolution stereo data, in particular 

historical aerial photography, where no flight information exists and there are no easily identifiable 

features for use as GCPs.

Secondary contributions also include the development of a new range indicator that may be used in 

authorised varigram model fitting to make processing more efficient. It has been previously shown 

by Ramstein and Raffy (1989) that an approximate value of the range for an exponential model 

can be defined using a single lag sample. An equivalent ‘range indicator’ has been developed here 

for the spherical model and similarly requires only a single lag distance sample.

The above constitutes the primary novel aspects of this study, which may be considered the prin

cipal contributions to the field. Each has been discussed in more detail in the relevant sections of 

the study and the reader is referred to these for further information.

8.4 Final Thoughts

Preceding sections have addressed the objectives as given in Chapter 1. They were designed to 

jointly comprise a means of accomplishing the overall aim, which was phrased as being “to de

velop the framework for a robust and accurate method for forest parameter mapping vdth 

remote sensing imagery, operable over multiple variant datasets”. An attempt at developing 

such a framework has been performed here and tested over multiple data, albeit with mixed results. 

Parameter mapping from high resolution data appears feasible although a lack of validation data 

has inhibited a full assessment of the methods accuracy. Use of a scene modelling framework has 

enabled the flexibility to incorporate multi-angular and multi-spectral data as discussed in Chapter

7. The poor results from the coarser resolution data in this study have been attributed to inher

ent problems with the data rather than the method and therefore do not diminish the potential of 

the scene modelling method for multi-resolution data. A major advantage of the scene modelling 

approach is that a wide range of experimental conditions may be simulated and the effects of to

pography may be explicitly incorporated. Use of a scene model also allows for the simulation of 

multiple instances of forest structure, particularly useful in the examination of local neighbour

hoods where the same forest structure may be represented in a number of ways due to random 

variations in spatial distribution.

The approach is, however, reliant upon the appropriateness of the scene model representation and 

therefore requires a large investment of resources for any single field site (to populate the LUT). 

The applicability of this method to global datasets is therefore considered to be low; it would be 

better applied to data over limited areas identified as in need of further study to examine the effects
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of vegetation structural change. The potential for application to multi-resolution data implies a 

particular advantage for temporal studies over small spatial areas, since such studies inevitably 

involve the use of multiple data from various sensors with varying spatial, spectral and angular 

sampling characteristics.

This inability to address global datasets has obvious implications for assessing the potential of the 

method in the context of the need for forest monitoring as identified in Chapter 1. This highlighted 

the growing requirement for consistent measurements of forest resources at regular intervals to 

provide inputs into models of climate change and satisfy the needs of national and international 

policy-makers. With regard to this context, a number of additional issues should be noted. The 

first concerns the ability of the method to provide quantifiable estimates of a number of forest 

parameters as needed by the research and political community for estimating the carbon budget 

and proving compliance with the Kyoto Protocol. Although the use of a scene model allows for 

physical realisations of the scene from which quantified parameters may be retrieved, it should be 

noted that these are dependent upon an accurate portrayal of the multivariate relationships between 

individual tree parameters. Furthermore, measurements of key biophysical parameters needed in 

climate modelling (such as fPAR, NPP or biomass) have not been considered.

There is also the issue of saturation in the variance signal for optical data over areas of high forest 

cover. Figure 2.2 has shown how measured local variance will be low for sparse canopies, increas

ing as forest cover increases until it passes a given point, beyond which the variance will again 

be low. This ‘peaking’ in local variance, or saturation of the signal, means that the method will 

be significantly more sensitive for sparse to moderate canopies and may underperform in forests 

with a high level of canopy cover. Given that the method developed here for coarse resolution 

data relies on the estimation of local variance, the approach may be considered of limited value to 

global monitoring of heavily forested areas. In addition, the method is reliant upon the presence of 

a significant contrast between scene elements. In areas of full cover then, or areas where the crown 

and ground brightness do not differ much, the method may also be considered to be of limited use.

Use of this approach for global monitoring of forest resources is therefore not recommended. 

However, the potential for examining spatio-temporal variations in forest structure within a limited 

area where in situ measurements are available for model parameterisation is high.

8.4.1 Future Paths of Investigation

The work in this study may be seen to have made significant progress towards the development of a 

method for forest parameter mapping from remotely sensed data at multiple resolutions. However, 

a number of further experiments could improve the accuracy of results and extend the understand

ing established here. These have been discussed in detail at the end of each principal experimental
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chapter (Chapters 5 to 7) and to some extent, in the sections above. In general, the direction of 

future work may be divided into three broad categories: refinements to the spatio-structural scene 

model; a consideration of an alternative field site; the exploration of alternative sources of data. It 

is clear however, that the three are inextricably linked.

Results presented in Chapters 6 and 7 would inevitably benefit from a refinement of the scene- 

model to account for multi-variate relationships between tree structural parameters and the pres

ence of an understorey, amongst other things. This may be considered of particular relevance to 

the field site at Cat Tien, given its tropical location and the complexity of vegetation structural 

arrangement on the ground.

Alternatively, it has been suggested that the method would be better applied to an alternative field 

site such as Danum Valley (for tropical investigations) or Thetford Forest (for temperate ones) 

with long-standing field data for validation purposes. The latter is of particular interest given 

the managed status of the forest, which has resulted in the presence of even-aged mono-cultural 

stands of forest at various stages of growth ideal for examining spatial variations in structure. In 

addition the site at Thetford Forest offers quasi-simultaneous optical and radar imagery, allowing 

for a comparative study of the scene-modelling technique over multiple data sources. Problems 

regarding a saturation of the variance signal in the optical domain may potentially be addressed by 

moving to data recorded at longer wavelengths, such as radar data.

Similarly, an exploration of the potential for LIDAR data could also be performed. Use of the 

longer frequencies provided by SAR and LIDAR data may allow for a consideration of forest 

characteristics below the uppermost canopy level and may therefore provide more quantitative 

information on the forest structure. However, it should be noted that in these cases a more accurate 

scene model may also need to be included.

In conclusion then, this study has presented a scene-modelling framework with spatial statistics 

for retrieving forest structural parameters from remotely sensed data at multiple resolutions. The 

advantages and disadvantages associated with past and present alternative techniques have been 

discussed, as has the potential for global and regional forest monitoring within the context of ad

dressing issues of sustainable development and climate change. This is by no means a closed piece 

of research and the potential for future applications may be considered widespread, particularly in 

view of the increasing number of high resolution hyperspectral and multi-angular instruments such 

as CHRIS-PROBA, PRISM and SPECTRA, which offer considerable opportunities to examining 

spatio-temporal variations in forest structure at multiple scales.
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Providing an Error Function 

Formulated for Local Window Variance

As developed by Dr. P. Lewis, Department of Geography, UCL
BEGIN {

f o r  ( i =  1; i < = 6 ;  i + + ){

P [ i ] =  ” p ” i ;

K [ i  ] =  ” k ” i ;

#  the b a s i c  s t u f f  ..  . 
f o r  ( i =1  ; i < = 6 ;  i +  + )(

f o r  ( j = 1 ;  j < = 6 ; j  +  + ){

i f ( i < j ) {

a =  K [ i ]  

b = K [ j ] 

A  =  P [ i ]  

B =  P [ j ]

a =  K [ j  ] 

b =  K [ i  ] 

A =  P [ j ] 

B =  P [ i ]

) e l s e {

}

M = ” s ” a b ;

V = A B
t = t V M ”. - \ \ \ n ”

i f  ( ! ( j ==6 && i = = 6)) t = t ”„+.

#  e a c h  d e r i v a t i v e  

f o r  ( i =  1; i < = 6 ; i  + +  ){

f o r  ( j =1 ;  j < = 6 ; j  + +  ){

i f ( i < j ){

a =  K [ i ];
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b = K [ j  ];

} e l s e  (

a = K [ j  ];  

b = K [ i  ];

)

M = ” s ” a b ;
V = P [ j ]

d T e r m [ i ]  = d T e r m [ i ]  ” J ’ V M  

d T e r m 2 [ i ]  = d T e r m 2 [ i ]  ” „ - ”V ” „ s m _ ” M 

i f  ( j  ! =  6 ) (

d T e r m [ i ]  -  d T e r m [ i ]  ” ^ + ^ ” 

d T e r m 2 [ i ]  = d T e r m 2 [ i ]  ” ^ + „ ”

)

)

p r i n t  ” F [ ” i d T e r m 2 [ i ]  ” ) ” ” „ + „ \ \ \ n ” ” ( ” d T e r m [ i ]  ” ) ( ” t ” ) „ =  = „ 0 ”

)

p r i n t  ” S o l [ l ] „  = „ S o l v e [ { F [ l ] , F [ 2 ] , F [ 3 ] , F [ 4 ] , F [ 5 ] , F [ 6 ] ) , { p l , p 2 , p 3 , p 4 , p 5 , p 6 ) ] ”



References

A k a ik e ,  H .,  1974, A  New Look at the Statistical Model Identification. IEEE Transactions on 

Automatic Control, 19, 716-723,

A l l i s o n ,  D., and M u l l e r ,  J.-R, 1992, An Automated System for Sub-Pixel Correction and 

Geocoding of Multi-spectral and Multi-look Aerial Imagery. International Archives ofPho- 

togrammetry and Remote Sensing, 29, 275-285.

A n o n y m o u s , 1970, Loi Tan, 1:25,000 Vietnamese Map, unknown publisher. Series of Topographic 

Maps provided by Cat Tien National Park.

A n o n y m o u s , 1971, Joint Munitions Effectiveness Manual (Air to Surface): Defoliants, Declassi

fied Army Manual used for planning defoliation missions in Viemam.

A n o n y m o u s , 1974, The Effects of Herbicides in South Vietnam: Part A - Summary and Conclu

sions, Report prepared for the National Academy of Sciences by the Committee on the 

Effects of Herbicides in Vietnam at the National Research Council.

A s n e r ,  G., and L o b e l l ,  D., 2000, A Biogeophysical Approach for Automated SWIR Unmixing of 

Soils and Vegetation. Remote Sensing o f Environment, 74, 99-112.

A t k in s o n ,  P., 1993, The Effect of Spatial Resolution on the Experimental Variogram of Airborne 

MSS Imagery. International Journal o f Remote Sensing, 14, 1005-1011.

A t k in s o n ,  P., and C u r r a n ,  P., 1995, Defining an Optimal Size of Support for Remote Sensing 

Investigations. IEEE Transactions on Geoscience and Remote Sensing, 33, 768-776.

A t k in s o n ,  P., and C u r r a n ,  P., 1997, Choosing an Appropriate Spatial Resolution for Remote Sens

ing Investigations. Photogrammetric Engineering and Remote Sensing, 63, 1345-1351.

A t k in s o n ,  P., D u n n , R., and H a r r is o n ,  A., 1996, Measurement error in reflectance data and its 

implications for regularizing the variogram. International Journal o f Remote Sensing, 17, 

3735-3750.

371



REFERENCES 372

A tk in so n , P., and Em ery, D., 1999, Exploring the Relation Between Spatial Structure and Wave

length: Implications for Sampling Reflectance in the Field. International Journal o f Re

mote Sensing, 20, 2663-2678.

A tk in so n , P., and L ew is, P., 2000, Geostatistical classification for remote sensing: an introduction. 

Computers and Geosciences, 26, 361-371.

A tk in so n , P., W e b s te r ,  R., and C u r r a n ,  P., 1994, Cokriging with Airborne MSS Imagery. Remote 

Sensing o f Environment, 50, 335-345.

B a r a ld i ,  a .,  and P arm igg ian i, F., 1995, An Investigation of the Textural Characteristics Associ

ated with Gray Level Cooccurrence Matrix Statistical Parameters. IEEE Transactions on 

Geoscience and Remote Sensing, 33, 293-304.

B a r b e r ,  D ., and L e D re w , E., 1991, SAR Sea Ice Discrimination Using Texture Statistics: A 

Multivariate Approach. Photogrammetric Engineering and Remote Sensing, 57, 385-395.

B a r n a r d ,  S., and Thom pson, W., 1980, Disparity Analysis of Images. IEEE Transactions on Pat

tern Analysis and Machine Intelligence, PAMI-2, 333-340.

B a rn s le y , M., and Kay, S., 1990, The Relationship Between Sensor Geometry, Vegetation-Canopy 

Geometry and Image Variance. International Journal o f Remote Sensing, 11, 1075-1083.

B a rn s le y , M., L ew is, P., O ’D w y e r , S., D isney, M., H obson , P., C u t t e r ,  M., and L obb, D ., 2000, On 

the Potential of CHRIS/PROBA for Estimating Vegetation Canopy Properties from Space. 

Remote Sensing Reviews, 19, 171-189.

B ie d - C h a r r e to n ,  M., R e ic h e r t, P., and Janz, K., 1996, The Role of Remote Sens

ing in FAQ’s Global Forest Resources Assessment and Monitoring Programme, 

http://www.fao.org/sd/EIdirect/EIan0001.htm, Last Accessed: July 2003.

B la c k b u rn ,  G., 1999, Relationships Between Spectral Reflectance and Pigment Concentrations in 

Stacks of Deciduous Broadleaves. Remote Sensing o f Environment, 70, 224-237.

B la n c ,  L ., M a u ry -L ec h o n , G., and P a sc a l, J .-P , 2000, Structure, floristic composition and nat

ural regeneration in the forests of Cat Tien National Park, Vietnam: an analysis of the 

successional trends. Journal o f Biogeography, 27, 141-157.

B o eh m er, N., 1996, Vegetation Indices for Landsat Images, In Proceedings o f IEEE Southwest 

Symposium on Image Analysis and Interpretation, pp. 258-262.

B o ld u c , P., L o w e ll ,  K., and E d w a rd s , G., 1999, Automated Estimation of Localized Forest Vol

ume from Large-scale Aerial Photographs and Ancillary Cartographic Information in a 

Boreal Forest. International Journal o f Remote Sensing, 20, 3611-3624.

http://www.fao.org/sd/EIdirect/EIan0001.htm


REFERENCES 373

B ru n iq u e l-P in e l ,  V., and G a s te l lu -E tc h e g o r ry ,  J., 1998, Sensitivity of Texture of High Reso

lution Images of Forest to Biophysical and Acquisition Parameters. Remote Sensing of 

Environment, 65, 61-85.

B u r r o u g h ,  p., and M c D o n n e ll ,  R., 1998, Principles o f Geographical Information Systems (New 

York: Oxford University Press Inc).

B u tso n , C., 1999, Determination of Suitability of Lacunarity Analysis in Forest Health Modelling 

Using Remote Sensing High Resolution Digital Imagery, Unpublished.

C am p b e ll, J., 1996, Introduction to Remote Sensing, second edition (London: Taylor and Francis).

C anny, J., 1986, A Computational Approach to Edge Detection. IEEE Transactions Pattern Anal

ysis Machine Intelligence, PAMI-8, 679-698.

C a r l o t t o ,  M., 1995, Non-Linear Mixture Model and Application for Enhanced Resolution Mul- 

tispectral Classification, In Proceedings o f IGARSS ’95: Quantitative Remote Sensing for 

Science and Applications, volume 2, pp. 1168-1170.

C a r p e n te r ,  G ., G ja ja , M., G opal, S., and W o o d co ck , C ., 1996, ART Neural Networks for Remote 

Sensing: Vegetation Classification from Landsat TM and Terrain Data, In Proceedings of 

IGARSS ’96: Remote Sensing for a Sustainable Future, volume 1, pp. 448^50.

C a r p e n te r ,  G ., G ja ja , M., G opal, S., and W o o d co ck , C ., 1997, ART Neural Networks for Remote 

Sensing: Vegetation Classification from Landsat TM and Terrain Data. IEEE Transactions 

on Geoscience and Remote Sensing, 35, 308-325.

C a r r ,  J., 1996, Spectral and Textural Classification of Single and Multiple Band Digital Images. 

Computers and Geosciences, 22, 849-865.

CEOS, 2003, CEOS: Overview, http://www.ceos.org. Last Accessed: July 2003.

C h a p p e ll, A., S eaq u is t, J., and E k lu n d h , L ., 2001, Improving the Estimation of Noise from NOAA 

AVHRR NDVI for Africa Using Geostatistics. International Journal o f Remote Sensing, 

22, 1067-1080.

C hen , J., and L e b la n c , S., 1997, A Four-Scale Bidirectional Reflectance Model Based on Canopy 

Architecture. IEEE Transactions on Geoscience and Remote Sensing, 35, 1316-1337.

C hen , J., and L e b la n c , S., 2001, Multiple-Scattering Scheme Useful for Geometric Optical Mod

eling. IEEE Transactions on Geoscience and Remote Sensing, 39, 1061-1071.

C hen , J., Li, X., N ilso n , T , and S t r a h l e r ,  A., 2000, Recent Advances in Geometrical Optical 

Modelling and its Applications. Remote Sensing Reviews, 18, 227-262.

http://www.ceos.org


REFERENCES 374

C h en , R., Jupo, D., W o o d c o ck , C ., and S t r a h l e r ,  A., 1993, Nonlinear Estimation of Scene Pa

rameters from Digital Images Using Zero-Hit Run-Length Statistics. IEEE Transactions 

on Geoscience and Remote Sensing, 31, 735-746.

C h en , Y., and Jiao , X., 2001, Short Note - Semivariogram fitting with linear programming. Com

puters and Geosciences, 27, 71-76.

C h h e tr i ,  D., and F o w le r ,  G., 1996, Prediction Models for Estimating Total Heights of Trees 

From Diameter at Breast Height Measurements in Nepal’s Lower Temperate Broad-Leaved 

Forests. Forest Ecology and Management, 84, 177-186.

C h ica -O lm o , M., and A b a rc a -H e rn a n d e z , F., 2000, Computing Geostatistical Image Texture for 

Remotely Sensed Data Classification. Computers and Geosciences, 26, 373-383.

C l a r k ,  I., 1979, Practical Geostatistics (Applied Science Publishers).

C la u s i, D., 2002, An Analysis of Co-occurrence Texture Statistics as a Function of Grey Level 

Quantization. Canadian Journal o f Remote Sensing, 28, 45-62.

C ohen , W., Spies, T , and B ra d sh a w , G., 1990, Semivariograms of Digital Imagery for Analysis of 

Conifer Canopy Structure. Remote Sensing o f Environment, 34, 167-178.

C o llin s ,  J., and W o o d c o ck , C ., 1999, Geostatistical Estimation of Resolution-Dependent Variance 

in Remotely Sensed Images. Photogrammetric Engineering and Remote Sensing, 65, 41- 

50.

CoNEL, J., 2001, SAFARI 2000: AirMISR Flights and Observations as Part of the Dry Season 

Campaign, Prepared for SAFARI 2000 Workshop, GSFC, Greenbelt, MD.

C oops, N., and C u lv e n o r , D., 2000, Utilizing Local Variance of Simulated High Spatial Resolution 

Imagery to Predict Spatial Pattern of Forest Stands. Remote Sensing o f Environment, 248- 

260.

CoRTiJO, R, and P e re z  de  l a  B la n c a ,  N., 1998, Improving Classical Contextual Classifications. 

International Journal o f Remote Sensing, 19, 1591-1613.

C re ss ie , N., 1991, Statistics for Spatial Data (John Wiley and Sons).

C u r r a n ,  P., and A tk in so n , P., 1998, Geostatistics and Remote Sensing. Progress in Physical Ge

ography, 22, 61-78.

C u r r a n ,  P., and D u n g an , J., 1989, Estimation of Signal-to-Noise: A New Procedure Applied to 

AVIRIS Data. IEEE Transactions on Geoscience and Remote Sensing, 27, 620-628.



REFERENCES 375

Day, t . ,  and M u l l e r ,  J.-R, 1989, Stereo Matching Using Transputer Arrays. Image and Vision 

Computing, 7, 95-101,

D e F rie s , R., H an se n , M., S te in in g e r , M., D ubayah, R., S o h lb e rg ,  R., and T ow nshend , J., 1997, 

Subpixel Forest Cover in Central Africa from Multisensor, Multitemporal Data. Remote 

Sensing o f Environment, 60, 228-246.

D h o n d , U., and A g g a rw a l, J., 1989, Structure from Stereo - A Review. IEEE Transactions on 

Systems, Man and Cybernetics, 19, 1489-1510.

D in e r , D ., B a rg e ,  L ., B ru e g g e , C ., C h rie n , T., C o n e l, J., E a s tw o o d , M., G a rc ia ,  J., H e rn a n d e z , 

M., K u rz w e il ,  C ., L e d e b o e r , W., P ig n a tan o , N., S a r tu r e ,  C ., and S m ith , B ., 1998a, The 

Airborne Multi-angle Imaging SpectroRadiometer (AirMISR): Instrument Description and 

First Results. IEEE Transactions on Geoscience and Remote Sensing, 36, 1339-1349.

D in e r , D ., B e c k e r t ,  J., R eilly , T, B ru e g g e , C ., C o n e l, J., K a h n , R ., M a r to n c h ik ,  J., A ck e rm an , T, 

D avies, R., G e r s t l ,  S., G o rd o n , H., M u l l e r ,  J.-R, M y n en i, R., S e l le r s ,  R, R inty, B ., and 

V e r s t r a e t e ,  M ., 1998b, Multi-angle Imaging SpectroRadiometer (MISR) Instrument De

scription and Experiment Overview. IEEE Transactions on Geoscience and Remote Sens

ing, 36, 1072-1087.

D ow m an, I., 1998, Automating Image Registration and Absolute Orientation: Solutions and Prob

lems. Photogrammetric Record, 16, 5 -1 8 .

D re w , W., 1974, The Ecological Role of Bamboos in Relation to the Military Use of Herbicides 

on Forests of South Vietnam, Report prepared for the National Academy of Sciences by 

the Committee on the Effects of Herbicides in Vietnam at the National Research Council.

D u n g a n , J., 1998, Spatial Prediction of Vegetation Quantities Using Ground and Image Data. 

International Journal o f Remote Sensing, 19, 267-285.

D u t r a ,  L., H u b e r , R., and H jernandez, P., 1998, Primary forest and land cover contextual classifi

cation using JERS-1 data in Amazonia, Brazil, In Proceedings o f International Geoscience 

and Remote Sensing Symposium (IGARSS), volume 5, Institute of Electrical and Electron

ics Engineers, Inc.,, Seattle, pp. 2743-2745.

E e r ik a in e n , 2002, Predicting the Height-Diameter Pattern of Planted Pinus Kesiya Stands in Zam

bia and Zimbabwe. Forest Ecology and Management, In Press, corrected proof, 1-12, 

Accepted 15 April, 2002.

E lv id g e , C ., and C hen , Z., 1995, Comparison of Broad-Band and Narrow-Band Red and Near- 

Infrared Vegetation Indices. Remote Sensing o f Environment, 54, 38-48.



REFERENCES 376

ESA, 2003, ESA- Living Planet Programme- SPECTRA,

http://www.esa.int/export/esaLP/spectra.html, Last Accessed: July 2003.

F ang , Z., and B ailey , R., 1998, Height-Diameter Models for Tropical Forests on Hainan Island in 

Southern China. Forest Ecology and Management, 110, 315-327.

FAO, 2001a, Climate Change and the Kyoto Protocol: Key Forestry-Related Issues,

http://www.fao.org/forestry/fop/fopw/Climate/climate-e.asp, Last Accessed: July 2003.

FAO, 2001b, State of the World’s Forests, Technical report. Food 

and Agriculture Organisation (FAO), Available as webpage: 

http://www.fao.Org/DOCRFP/003/Y0900F/Y0900F00.HTM (Last Accessed: July

2003).

F ensham , R., F a ir fa x , R., H o lm a n , J., and W h ite h e a d , P., 2002, Quantitative assessment of vegeta

tion structural attributes from aerial photography. International Journal o f Remote Sensing, 

23, 2293-2317.

Flam m , B., 1970, Forestry in Vietnam and the Effects of Defoliation on the Forest Resources, 

Presentation at AAAS Herbicide Assessment Commission Conference, Woodshole, Mas

sachusetts.

F ly g a r e ,  A.-M., 1997, A Comparison of Contextual Classification Methods Using Landsat TM. 

International Journal o f Remote Sensing, 18, 3835-3842.

F o ley , J., van D am , A., F e in e r , S., and H u g h es, J., 1992, Computer Graphics: Principles and 

Practice, second edition (Addison-Wesley Publishing Company).

F o r s t n e r ,  W , 1986, A Feature Corresondence Algorithm for Image Matching. International So

ciety o f Photogrammetry and Remote Sensing Congress, 26, 150-166.

F ra n k l in ,  J., and S t r a h l e r ,  A., 1988, Invertible Canopy Reflectance Modeling of Vegetation 

Structure in Semiarid Woodland. IEEE Transactions on Geoscience and Remote Sensing, 

26, 809-825.

F ra n k l in ,  S., 1987, Geomorphometric Processing of Digital Elevation Models. Computers and 

Geosciences, 13, 603-609.

F ra n k l in ,  S., H a l l ,  R., M o s k a l ,  M ., M aud ie , A., and L avigne, M ., 2000, Incorporating Texture 

into Classification of Forest Species Composition from Airborne Multispectral Images. 

International Journal o f Remote Sensing, 61-79.

http://www.esa.int/export/esaLP/spectra.html
http://www.fao.org/forestry/fop/fopw/Climate/climate-e.asp
http://www.fao.Org/DOCRFP/003/Y0900F/Y0900F00.HTM


REFERENCES 377

G a o , y., J ia n g , X., D a n g , A., Niu, Z., and W a n g , C., 2001, Integration of NOAA-AVHRR Data 

and Geographical Factors for China Vegetation Classification, In Proceedings o f IGARSS 

’01, volume 4, pp. 1933-1935.

G a r c ia - H a ro ,  p., G ila b e r t ,  M ., and M e lia , J., 1999, Extraction of Endmembers from Spectral 

Mixtures. Remote Sensing o f Environment, 68, 237-253.

G a s te l lu - E tc h e g o r r y ,  j., D em a rez , V., P in e l, V., and Z a g o lsk i,  R ,  1996, Modeling Radiative 

Tansfer in Heterogeneous 3-D Vegetation Canopies. Remote Sensing o f Environment, 58, 

131-156.

G a u s s , C., 1995, Theoria Combinationis Observationum Erroribus Minimis Obnoxiae, Pars Prior, 

Pars Posterior, Supplementum (Philadelphia: Society for Industrial and Applied Mathe

matics), Translated by G.W. Stewart.

G ia n n e t t i ,  p., M o n t a n a r e l l a ,  L., and S a la n d in ,  R., 2001, Integrated Use of Satellite Images, 

DEMs, Soil and Substrate Data in Studying Mountainous Lands. International Journal of 

Applied Earth Observation and Geoinformation, 3, 25-29.

G i la b e r t ,  M ., G a r c ia - H a r o ,  P., and M e lia ,  J., 2000, A Mixture Modeling Approach to Estimate 

Vegetation Parameters for Heterogeneous Canopies in Remote Sensing. Remote Sensing of 

Environment, 72, 328-345.

GOPC, 1999, A Strategy for Global Observation of Forest Cover: Executive Summary,

http://www.fao.org/gtos/gofc-gold/docs/strategy.pdf. Last Accessed: July 2003.

GOPC-GOLD, 2003, GOPC-GOLD: Overview, http://www.fao.org/gtos/gofc-

gold/overview.html. Last Accessed: July 2003.

G ong , M., and Y ang, Y. H., 2002, Genetic-Based Stereo Algorithm and Disparity Map Evaluation. 

International Journal o f Computer Vision, 47, 63-77.

G o tw ay , C., 1991, Short Note- Pitting Semivariogram Models by Weighted Least Squares. Com

puters and Geosciences, 17, 171-172.

G ougeon , p., 1992, Individual Tree Identification from High Resolution MEIS Images, In In

ternational Forum on Airborne Multispectral Scanning for Forestry and Mapping (with 

Emphasis on MEIS), edited by D. Leckie, and M. Gillis, Val-Morin, Quebec, Canada, pp. 

1 1 7 -1 2 8 .

G o u jeo n , p., 1995, A Crown-Pollowing Approach to the Automatic Delineation of Individual Tree 

Crowns in High Spatial Resolution Aerial Images. Canadian Journal o f Remote Sensing, 

21, 2 7 4 -2 8 4 .

http://www.fao.org/gtos/gofc-gold/docs/strategy.pdf
http://www.fao.org/gtos/gofc-


REFERENCES 378

G r e e n f e l d ,  j., 1991, An Operator-Based Matching System. Photogrammetric Engineering and 

Remote Sensing, 57, 1949-1055.

G r u e n ,  a ., and B a lt s a v ia s ,  E., 1987, High-Precision Image Matching for Digital Terrain Model 

Generation. Photogrammetria, 42, 97-112.

G u tm a n , G ., 1991, Vegetation Indices from AVHRR: An Update and Future Prospects. Remote 

Sensing o f Environment, 35, 121-136.

H a r a l i c k ,  R., 1979, Statistical and Structural Approaches to Texture. Proceedings o f the IEEE, 

67, 786-804.

H a r a l i c k ,  R., S h a n m u g a n , K., and D in s te in ,  I., 1973, Textural Features for Image Classification. 

IEEE Transactions on Systems, Man and Cybernetics, 3, 610-621.

H a r r i s ,  C., and S te p h e n s , M., 1988, A Combined Comer and Edge Detector, In Proceedings of 

the Fourth Alvey Vision Conference, Manchester, pp. 147-151.

H a s e n a u e r ,  H .,  1997, Dimensional Relationships of Open-Grown Trees in Austria. Forest Ecology 

and Management, 96, 197-206.

H a s h im o to , t . ,  2000, DEM Generation from Stereo AVNIR Images. Advances in Space Research, 

25, 931-936.

H ay, G ., N iem an n , K ., and M c L e a n , G ., 1996, An Object-Specific Image-Texture Analysis of H - 

Resolution Forest Imagery. Remote Sensing o f Environment, 55, 108-122.

H ic k m a n , B ., B ishop , M., and R e sc ig n o , M., 1995, Advanced Computational Methods for Spatial 

Information Extraction. Computers and Geosciences, 21, 153-173.

H ir a t a ,  M ., K o g a , N., S h in jo , H ., F u j i ta ,  H ., G in tz b u r g e r ,  G ., and M iy a z a k , A., 2001, Vege

tation Classification by Satellite Image Processing in a Dry Area of North-Eastern Syria. 

International Journal o f Remote Sensing, 22, 507-516.

H o k k a ,  H ., 1997, Height-Diameter Curves with Random Intercepts and Slopes for Trees Growing 

on Drained Peatlands. Forest Ecology and Management, 97, 63-72.

H o lo p a in e n , M., and W a n g , G ., 1998, The Calibration of Digitized Aerial Photographs for Forest 

Stratification. International Journal o f Remote Sensing, 19, 677-696.

H o r n ,  R., 2003, The DLR Airborne SAR Project E-SAR, http://www.op.dlr.de/ne- 

hf/projects/ESAR/igars96_scheiber.html, Last Accessed: June 2003.

http://www.op.dlr.de/ne-


REFERENCES 379

H u d a k , a ., and W e ssm a n , C., 1998, Textural Analysis of Historical Aerial Photography to Char

acterize Woody Plant Encroachment in South African Savanna. Remote Sensing o f Envi

ronment, 66, 317-330.

H u e te ,  a ., J a c k s o n , R., and P o s t ,  D., 1985, Spectral Response of a Plant Canopy with Different 

Soil Backgrounds. Remote Sensing o f Environment, 17, 37-53.

H u e te ,  A., K e r o l a ,  D .,  D id a n , K ., v an  L e e u w e n , W., and F e r r e i r a ,  L ., 1998, Terrestrial Biosphere 

Analysis of SeaWiFS Data Over the Amazon Region with MODIS and GLI Prototype 

Vegetation Indices, In Proceedings of Geoscience and Remote Sensing Symposium IGARSS 

’98, volume 2, pp. 785-787.

H u e te ,  A., Liu, H., and van  L e e u w e n , W., 1997, The Use of Vegetation Indices in Forested Re

gions: Issues of Linearity and Saturation, In Remote Sensing - A Scientific Vision for Sus

tainable Development, volume 4, pp. 1966-1968.

H y p p an en , H ., 1996, Spatial Autocorrelation and Optimal Spatial Resolution of Optical Remote 

Sensing Data in Boreal Forest Environment. International Journal o f Remote Sensing, 17, 

3441-3452.

IroA, S., and N a k a s h iz u k a ,  T., 1995, Forest Fragmentation and its Effect on Species Diversity in 

Sub-Urban Coppice Forests in Japan. Forest Ecology and Management, 73, 197-210.

IzzAWATi, L e w is , P., and M c M o r r o w , J., 1998, 3D Model Simulation of Polarimetric Radar 

Backscatter and Texture of an Oil-Palm Plantation, In  Proceedings o f Geoscience and Re

mote Sensing Symposium IGARSS ’98, volume 3, Seattle USA, pp. 1502-1504.

J a n e to s ,  a ., and A h e r n ,  E, 1997, CEOS Pilot Project: Global Observations of Forest Cover 

(GOFC), Technical report, Ottawa, Canada, Workshop Report for GOFC.

J e o n , B., and L a n d g re b e ,  D., 1990, Spatio-Temporal Contextual Classification of Remotely Sensed 

Multispectral Data, In Proceedings of the IEEE International Conference on Systems, Man 

and Cybernetics, pp. 342-344.

JiAN, X., O le a ,  R., and Yu, Y., 1996, Semivariogram Modeling by Weighted Least Squares. Com

puters and Geosciences, 22, 387-397.

Jupp, D., S t r a h l e r ,  A., and W o o d c o c k , C., 1988, Autocorrelation and Régularisation in Digital 

Images I. Basic Theory. IEEE Transactions on Geoscience and Remote Sensing, 26, 463- 

473.



REFERENCES 380

Jupp, D ., S t r a h l e r ,  A., and W o o dcock , C., 1989, Autocorrélation and Régularisation in Digital 

Images II. Simple Image Models. IEEE Transactions on Geoscience and Remote Sensing, 

27, 247-258.

Jupp, D., and W o o d c o ck , C., 1992, Variance in Directional Radiance of Open Canopies, In Inter

national Space Year: Space Remote Sensing, volume 2, pp. 1490-1492.

Ju s tic e , C., V e rm o te , E., T o w nshend , J., D e f r ie s ,  R ., Roy, D ., H a l l ,  D ., S a lo m o n so n , V, P r iv e t te ,  

J., R iggs, G ., S t r a h l e r ,  A., L u c h t, W ., M ynen i, R ., K ny az ik h in , Y, R unning , S., Nem ani, 

R ., W an , Z ., H u e te , A., van L eeu w en , W ., W o lfe ,  R ., G ig lio , L ., M u l l e r ,  J .-R , L ew is, P., 

and B a rn s le y , M ., 1998, The Moderate Resolution Imaging Spectroradiometer (MODIS): 

Land Remote Sensing for Global Change Research. IEEE Transactions on Geoscience and 

Remote Sensing, 36, 1228-1249.

K adm on, R., and H a r a r i- K re m e r ,  R., 1999, Studying Long-Term Vegetation Dynamics Using 

Digital Processing of Historical Aerial Photographs. Remote Sensing o f Environment, 68, 

164-176.

K aln ay , E ., K an a m itsu , M ., K is t l e r ,  R ., C o l l in s ,  W ., D eaven , D ., G an d in , L ., I r e d e l l ,  M ., S ah a , 

S ., W h ite , G ., W o o l le n ,  J., Z hu , Y, C h e ll ia h ,  M ., E b isu z ak i, W ., H igg ins, W ,  Janow iak , 

J., Mo, K ., R o p e lew sk i, C ., W ang, J., L e e tm a a , A., R e y n o ld s , R ., Jenne, R ., and Joseph, 

D., 1996, The NCEP/NCAR 40-Year Reanalysis Project. Bulletin o f the American Meteo

rological Society, 77, 437-471.

K a n a d e , T ,  and O kutom i, M ., 1991, A Stereo Matching Algorithm with an Adaptive Window: 

Theory and Experiment, In Proceedings o f the 1991 IEEE International Conference on 

Robotics and Automation, Sacramento, California, pp. 1088-1095.

K a r r a s ,  G., and P e ts a ,  E., 1993, DEM Matching and Detection of Deformation in Close Range 

Photogrammetry without Control. Photogrammetric Engineering and Remote Sensing, 59, 

1419-1424.

K au ffm an , D., and H aja , S., 1988, Extraction of Dense Digital Elevation Models from SPOT 

Stereo Imagery, In Remote Sensing: Moving Toward the 21st Century, volume 1, Geo

science and Remote Sensing Symposium, pp. 477^78, IGARSS ’88.

K hedam , R., and B e lh a d j-A is sa , A., 2001, A General Multisource Contextual Classification Model 

of Remotely Sensed Imagery Based on MRF, lEEE/ISPRS Joint Workshop on Remote 

Sensing and Data Fusion over Urban Areas.

K im es, D., and K irc h n e r ,  J., 1982, Radiative Transfer Model for Heterogeneous 3-D Scenes. Ap

plied Optics, 21, 4119-4129.



REFERENCES 381

K n y a z ih h in , j ., M y n e n i, R,, and S h ab an o v , N., 2002, Interaction Coefficients for a Vegetation 

Canopy, http://cybele.bu.edu/courses/gg645spring02/main.html. Last Accessed: Septem

ber 2002.

L a c a z e ,  B., R a m b a l ,  s., and W in k e l l ,  T., 1994, Identifying Spatial Patterns of Mediterranean 

Landscapes from Geostatistical Analysis of Remotely-Sensed Data. International Journal 

o f Remote Sensing, 2437-2450.

L a r k ,  R., 1996, Geostatistical Description of Texture on an Aerial Photograph for Discriminating 

Classes of Land Cover. International Journal o f Remote Sensing, 2115-2133.

L a r s e n ,  M., 1997, Crown Modelling to Find Tree Top Positions in Aerial Photographs, In Pro

ceedings o f the Third International Airborne Remote Sensing Conference and Exhibition, 

volume 2, Copenhagen, Denmark, pp. 428^35.

L a r s e n ,  M., 1998, Finding an Optimal Match Window For Spruce Top Detection Based on an 

Optical Tree Model, In Proceedings o f International Forum on Automated Interpretation of 

High Spatial Resolution Digital Imagery for Forestry, Victoria, British Columbia, Canada, 

pp. 55-66.

L a r s e n ,  M., and R u dem o , M., 1997, Using Ray-Traced Templates to Find Individual Trees in 

Aerial Photographs, In Proceedings o f the 10th Scandinavian Conference on Image Anal

ysis, edited by M. Frydrych, J. Parkkinen, and A. Visa, volume 2, Lappeenvanta, Finland, 

pp. 1007-1014.

L a r s e n ,  M., and R u dem o , M., 1997b, Estimation of Tree Positions from Aerial Photos, In Proceed

ings o f 97th Swedish Symposium on Image Analysis, edited by T. Lindeberg, Stockholm, 

Sweden, pp. 130-134.

L a r s e n , M., and Rudem o, M., 1998, Optimizing Templates for Finding Trees in Aerial Pho

tographs. Pattern Recognition Letters, 19, 1 1 5 3 -1 1 6 2 .

L e c k ie , D., B u r n e t t ,  C ., N e ls o n ,  T, Jay, C ., W a l s w o r th ,  N .,  G o u g e o n , F , and C lo n e y , E., 1999, 

Forest Parameter Extraction Through Computer Based Analysis of High Resolution Im

agery, In 21st Canadian Symposium on Remote Sensing, Ottawa, Ontario, Canada, p. 9, 

Presented at the Fourth International Airborne Remote Sensing Conference and Exhibi

tion.

L e v e s q u e , J., and K in g , D., 1999, Airborne Digital Camera Image Semivariance for Evaluation 

of Forest Structural Damage at an Acid Mine Site. Remote Sensing o f Environment, 68, 

112-124.

http://cybele.bu.edu/courses/gg645spring02/main.html


REFERENCES 382

L e v e sq u e , J,, and K in g , D., 2003, Spatial Analysis of Radiometric Fractions from High-resolution 

Multispectral Imagery for Modelling Individual Tree Crown and Forest Canopy Structure 

and Health. Remote Sensing o f Environment, 84, 589-602.

L e w is , R, 1996, Botanical Plant Modelling for Remote Sensing Simulation Studies, Ph.D. thesis, 

UCL.

L e w is , P., 1999a, Canopy Reflectance Modelling, Vegetation Science Course Notes, from 

MSc.Remote Sensing at University College London.

L ew is, P., 1999b, Three-dimensional plant modelling for remote sensing simulation studies using 

the Botanical Plant Modelling System. Agronomie:Agriculture and Environment, 19, 1 8 5 -  

210 .

L e w is , P., 2002, DRAT- the aDvanced Radiometric rAy Tracer,

http://www.geog.ucl.ac.uk/ plewis/araraf/. Last Accessed: July 2002.

L e w is , P., 2003, Partial Derivatives for Solution by Mathematica, Awk script for creating partial 

derivatives in format as required by Mathematica.

L ew is, P., D isney, M., and R iedm an, M., 1999, Application of the Botanical Plant Modeling System 

(BPMS) to the Analysis of Spatial Information in Remotely Sensed Imagery, In Proceed

ings o f 25th Annual Remote Sensing Society Conference, Cardiff, Wales.

L i, X., and S t r a h l e r ,  A., 1985, Geometric-Optical Modeling of a Conifer Forest Canopy. IEEE 

Transactions on Geoscience and Remote Sensing, GE-23, 705-721.

L i, X., and S t r a h l e r ,  A., 1986, Geometric-Optical Bidirectional Reflectance Modeling of a 

Conifer Forest Canopy. IEEE Transactions on Geoscience and Remote Sensing, GE-24, 

906-919.

L i, X., and S t r a h l e r ,  A., 1992, Mutual Shadowing and Directional Reflectance of a Rough Sur

face: A Geometric-Optical Model, In IGARSS ’92 Geoscience and Remote Sensing Sym

posium, pp. 766-768.

L i, X., S t r a h l e r ,  A., and W o o d c o ck , C., 1995, A Hybrid Geometric Optical-Radiative Transfer 

Approach for Modeling Albedo and Directional Reflectance of Discontinuous Canopies. 

IEEE Transactions on Geoscience and Remote Sensing, 33, 466-480.

Liew, s., Lim, H., K w o h , L., and Tay, G., 1995, Texture Analysis of SAR Images, In Quantitative 

Remote Sensing for Science and Applications, volume 2, International Geoscience and 

Remote Sensing Symposium, IGARSS, pp. 1412-1414.

http://www.geog.ucl.ac.uk/


REFERENCES 383

L i l l e s a n d ,  t. ,  and K ie f e r ,  R., 1994, Remote Sensing and Image Interpretation, third edition (New 

York: John Wiley and Sons, Inc.).

L o b o , a ., M o lo n e y , K., C h ic , O., and C h i a r i e l l o ,  N., 1998, Analysis of Fine-scale Spatial Pat

tern of a Grassland from Remotely-Sensed Imagery and Field Collected Data. Landscape 

Ecology, 13, 111-131.

M a c D o n a ld ,  J., and C a r r ,  J., 1989, Applications of Geostatistics to Image Analysis, In IGARSS 

’89 12th Symposium on Remote Sensing, volume 4, pp. 2409-2412.

M a t e r k a ,  a ., and S t r z e l e c k i ,  M ., 1998, Texture Analysis Methods- A Review, Technical Report 

Bl l ,  Technical University of Lodz, Institute of Electronics, Brussels.

M a t h e r ,  P., 1996, Computer Processing o f Remotely-Sensed Images: An Introduction (Chichester: 

John Wiley and Sons), 352 pp.

M a ts u o k a ,  T, and U lr y c h ,  T, 1986, Information Theory Measures with Application to Model 

Identification. IEEE Transactions on Acoustics, Speech and Signal Processing, 34, 511- 

517.

M c G w ir e ,  K., M in o r ,  T , and F e n s t e r m a k e r ,  L., 2000, Hyperspectral Mixture Modeling for Quan

tifying Sparse Vegetation Cover in Arid Environments. Remote Sensing o f Environment, 

72, 360-374.

M e r in o ,  S., 2000, Variograms o f Real and Simulated High Resolution Images for Analysis of 

Canopy Structure, Master’s thesis. University College London.

M i l l e r ,  D., Q u in e , C., and h a d le y , W , 2000, An Investigation of the Potential of Digital Pho- 

togrammetery to Provide Measurements of Forest Characteristics and Abiotic Change. 

Forest Ecology and Management, 135, 279-288.

M ir a n d a ,  E, F o n s e c a , L., and C a r r ,  J., 1998, Semivariogram Textural Classification of JERS-1 

(Fuyo-1) SAR Data Obtained Over a Flooded Area of the Amazon Rainforest. Interna

tional Journal o f Remote Sensing, 549-556.

M ir a n d a ,  R, F o n s e c a ,  L., C a r r ,  J., and T a r a n ik ,  J., 1996, Analysis of JERS-1 (Fuyo-1) SAR Data 

for Vegetation Discrimination in Northwestern Brazil Using the Semivariogram Textural 

Classifier (STC). International Journal o f Remote Sensing, 3523-3529.

M ir a n d a ,  R, M a c D o n a ld ,  J., and C a r r ,  J., 1992, Application of the Semivariogram Textural Clas

sifier (STC) for Vegetation Discrimination Using SIR-B Data of Borneo. International 

Journal o f Remote Sensing, 2349-2354.



REFERENCES 384

M iy azak i, Y., O san a i, T., and W atanabe , H., 1993, Digital Terrain Model of JERS-1 Data for 

ASTER VNIR Stereo Application, In Better Understanding o f Earth Environment, vol

ume 1, Geoscience and Remote Sensing Symposium, pp. 131-133, IGARSS ’93.

MODIS, 2003a, VCC: Product Description and Status, http://modis.umiacs.umd.edu/productvcc.htm. 

Last Accessed: July 2003.

MODIS, 2003b, VCF: Product Description and Status, http://modis.umiacs.umd.edu/productvcf.htm. 

Last Accessed: July 2003.

M o e lle r in g ,  H., and T o b le r ,  W., 1972, Geographical Variances. Geographical Analysis, 5, 35-50.

M u l l e r ,  J.-R, C o ll in s ,  K., O tto ,  G., and R o b e rts ,  J., 1988, Stereo Matching Using Transputer 

Arrays, Invited Paper: ISPRS 16th Congress, Kyoto, Japan.

M y n en i, R., H a l l ,  K, S e l le r s ,  P., and M a rs h a k ,  A., 1995, The Interpretation of Spectral Vegeta

tion Indexes. IEEE Transactions on Geoscience and Remote Sensing, 33, 481-486.

N a ra s im h a  R ao , p., S esh a  S ai, M., S reen iv as , K ., K r is h n a  R ao , M., R ao , B., D w ivedi, R ., and 

V e n k a ta ra tn a m , L., 2002, Textural Analysis of 1RS-ID Panchromatic Data For Land Cover 

Classification. International Journal o f Remote Sensing, 23, 3327-3345.

N e b e l, G., D ra g s te d ,  J., Sim onsen, T, and V anclay , J., 2001, The Amazon Flood Plain Forest 

Tree Maquira Coriacea (Karsten) C.C. Berg: Aspects of Ecology and Management. Forest 

Ecology and Management, 150, 103-113.

NERC, 2002, Science for a Sustainable Future 2002-2007, NERC Five Year Strategy Document, 

Produced by the Planning and Communications Directorate, NERC, Swindon.

NERC, 2003, Centre for Terrestrial Carbon Dynamics, Flier in NERC ’’Earth Observation” Pack

age.

N g a, p., 1999, Vegetation Mapping o f the Wetland o f Cat Tien, Master’s thesis. Ho Chi Minh 

University, Vietnam.

Ni, W ., and Jupp, D., 2000 , Spatial Variance in Directional Remote Sensing Imagery- Recent De

velopments and Future Perspectives. Remote Sensing Reviews, 18, 441^79.

Ni, W ., W o o d c o ck , C., and Jupp, D., 1998, Variance in Bidirectional Reflectance Over Discontinu

ous Plant Canopies, In IGARSS ’98 Geoscience and Remote Sensing Symposium, volume 3, 

pp. 1240-1242.

N i, W ., W o o d c o ck , C., and Jupp, D., 1999, Variance in Bidirectional Reflectance Over Discontin

uous Plant Canopies. Remote Sensing o f Environment, 69, 1-15.

http://modis.umiacs.umd.edu/productvcc.htm
http://modis.umiacs.umd.edu/productvcf.htm


REFERENCES 385

N o v a k , K., 1992, Rectification of Digital Imagery. Photogrammetric Engineering and Remote 

Sensing, 58, 339-344.

O ’D w y e r ,  s., 1999, Establishment o f an Operational Inversion Technique for Multi-directional 

Data from CHRIS (Compact High Resolution Imaging Spectrometer), Master’s thesis, 

UCL.

O ’D w y e r ,  S., and L e w is , R, 2002, Geostatistical Modelling for the Retrieval of Forest Structural 

Parameters, In Proceedings o f 29th International Symposium on Remote Sensing o f Envi

ronment, International Society for Photogrammetry and Remote Sensing (ISPRS), Buenos 

Aires.

O ’D w y e r ,  S., and L e w is , P., 2003, Mechanisms for Spectral Variation in the Range of Semi- 

Variograms, In Proceedings o f International Geoscience and Remote Sensing Symposium, 

IGARSS.

O k u d a ,  t . ,  S u z u k i ,  M .,  A d a c h i, N., Q u a h , E., H u sse in , N., and M a n o k a r a n ,  N., 2003, Effect 

of Selective Logging on Canopy and Stand Structure and Tree Species Composition in 

a Lowland Dipterocarp Forest in Peninsular Malaysia. Forest Ecology and Management, 

175, 297-320.

O l iv e r ,  C., and Q u e g a n , S., 1998, Understanding Synthetic Aperture Radar Images (London: 

Artech House).

O l iv e r ,  M., W e b s t e r ,  R., and G e r r a r d ,  J., 1989a, Geostatistics in Physical Geography: Part I: 

Theory. Transactions Institute o f British Geographers, 259-269.

O l iv e r ,  M., W e b s t e r ,  R., and G e r r a r d ,  J., 1989b, Geostatistics in Physical Geography Part II: 

Applications. Transactions Institute o f British Geographers, 14, 270-286.

O t t o ,  G., and C h a u , T., 1989, Region-Growing Algorithm for Matching of Terrain Images. Image 

and Vision Computing, 7, 83-94.

P eb esm a , E., 1999, Variogram, http://www.geog.uu.nl/gstat/manual/node20.html. Last Accessed: 

September 1999.

P e r l a n t ,  R, 2001, Using Stereo Images for Digital Terrain Modelling. Surveys in Geophysics, 21, 

201-207.

P in e l ,  V., G a s t e l l u - E t c h e g o r r y ,  J., and D e m a re z , V, 1996, Retrieval of Forest Biophysical Pa

rameters from Remote Sensing Images with the DART Model, In Remote Sensing for a 

Sustainable Future, International Geoscience and Remote Sensing Symposium, IGARSS,

pp. 1660-1662.

http://www.geog.uu.nl/gstat/manual/node20.html


REFERENCES 386

P lo n e r ,  a ., andDuTTER, R., 2000, New Directions in Geostatistics. Journal o f Statistical Planning, 

91, 499-509.

PoLET, G., and V an M ui, T., 1999, Notes on the wetlands of Cat Tien National Park, Vietnam. VIDA 

Silvestre Neotropical, 1, 4 6 -4 8 .

PouLiOT, D., K ing , D., B e l l ,  E, and P i t t ,  D., 2002, Automated Tree Crown Detection and De

lineation in High-Resolution Digital Camera Imagery of Coniferous Forest Regeneration. 

Remote Sensing o f Environment, Article in Press: Accepted for publication 30 March.

P re s s ,  W., T e u k o lsk y , S., V e t t e r l in g ,  W., and F la n n e ry , B., 1994, Numerical Recipes in C: The 

Art o f Scientific Computing, second edition (Cambridge: Cambridge University Press).

P r iv e t t e ,  J., M ynen i, R ., K nyaz ikh in , Y., M u k u fu te ,  M ., R o b e r ts ,  G., T ian , Y, W ang, Y, and 

L e b la n c , S., 2001, Early Spatial and Temporal Validation of MODIS LAI Product in 

Africa, submitted for publication in Remote Sensing of Environment, March 2001.

R a m ire z -G a rc ia , p., L o p e z -B la n c o , J., and n a , O., 1998, Mangrove Vegetation Assessment in the 

Santiago River Mouth, Mexico, by Means of Supervised Classification Using Landsat TM 

Imagery. Forest Ecology and Management, 105, 2 1 7 -2 2 9 .

R am ste in , G., and R a ffy , M., 1989, Analysis of the Structure of Radiometric Remotely-Sensed 

Images. International Journal o f Remote Sensing, 10, 1049-1073.

R e b e lo , L.-M., 1999, An Investigation into the Relationships between the Spatial Structure of High 

Resolution Imagery and Vegetation Characteristics, Undergraduate Thesis: UCL.

R iedm ann, M., 1999, Spatial Analysis o f Periodic Patterns in Digital Imagery, Master’s thesis. 

University College London.

R o b e r ts ,  G., 2003, Land Cover Dynamics from BRDF Model Parameter Temporal Trajectories 

from EOS Sensors, Ph.D. thesis, UCL.

R ossi, R ., M u l l a ,  D., J o u r n e l ,  A., and F ra n z ,  E., 1992, Geostatistical Tools for Modelling and 

Interpreting Ecological Spatial Dependence. Ecological Monographs, 277-314.

R o tu n n o  F ilh o , O., T r e i tz ,  P., S o u lis , E., H o w a r th , P., and K o u w en , N., 1996, Texture Processing 

of Synthetic Aperture Radar Data Using Second-Order Spatial Statistics. Computers and 

Geosciences, 22, 27-34.

R o w la n d , C., B a lz t e r ,  H., Cox, R ., S a ich , P., and S te b le r ,  O., 2003, The CORSAR Project: 

Can Polarimetric SAR Interferometry Improve Forest Biomass Estimation?, In POLin- 

SAR, Workshop on Applications o f SAR Polarimetry and Polarimetric Interferometry, ESA- 

ESRIN, Frascati, Italy.



REFERENCES 387

R y h e rd , s., and W o o d c o ck , C., 1996, Combining Spectral and Texture Data in the Segmentation of 

Remotely Sensed Images. Photogrammetric Engineering and Remote Sensing, 181-194.

SAFARI, 2000, SAFARI 2000: The Southern African Regional Science Initiative, Media Guide.

S aich , R, and Thom pson, J., 2001, Monitoring Wetland Extent and Dynamics in the Cat Tien 

National Park, Vietnam, using Space-based Radar Remote Sensing, In Proceedings o f the 

International Geoscience and Remote Sensing Symposium, IGARSS, Sydney.

ScARTH, P., and P h inn , S., 2000 , Determining Forest Structural Attributes Using an Inverted 

Geometric-Optical Model in Mixed Eucalypt Forests, Southeast Queensland, Australia. 

Remote Sensing Environment, 71, 141-157.

S h ab an , M., and D ik sh it , O., 1998, Textural Classification of High Resolution Digital Satel

lite Imagery, In Proceedings o f International Geoscience and Remote Sensing Sympo- 

sium(IGARSS), volume 5, International Geoscience and Remote Sensing Symposium, 

IGARSS, pp. 2590-2592.

S h im ab u k u ro , Y., and S m ith , J., 1991, The Least-Squares Mixing Models to Generate Fraction Im

ages Derived From Remote Sensing Multispectral Data. IEEE Transactions on Geoscience 

and Remote Sensing, 29, 16-20.

S k o le , D., S a la s ,  W , and T a y lo r , V, 1998, GOFC Strategy Document Appendices 3 and 

4: Fine Resolution and Course Design Team Reports, http://www.fao.org/gtos/gofc- 

gold/design.html. Last Accessed: July 2003.

S ong , C ., and W o o d c o ck , C ., 2002, The Spatial Manifestation of Forest Succession in Optical 

Imagery: The Potential of Multiresolution Imagery. Remote Sensing Environment, 82,271- 

284.

S p an n er, M ., Jo h n so n , L., M il l e r ,  J., M c C re ig h t,  R ., F re e m a n tle ,  J., R u nyon , J., and G ong , P., 

1994, Remote Sensing of Seasonal Leaf Area Index Across the Oregon Transect. Ecologi

cal Applications, 4, 258-271.

S t-Ô n g e , B., 1999, Topographic Effects on the Texture of High Resolution FOrest Stand Images 

Measured by the Semivariogram. Photogrammetric Engineering and Remote Sensing, 65, 

923-935.

S t-Ô n g e , B., and Cavayas, F , 1995, Estimating Forest Stand Structure from High Resolution Im

agery Using the Directional Variogram. International Journal o f Remote Sensing, 1999- 

2021.

http://www.fao.org/gtos/gofc-


REFERENCES 388

S t-Ô n g e , B., and C avayas, R, 1997, Automated Forest Structure Mapping from High Resolution 

Imagery Based on Directional Semivariogram Estimates. Remote Sensing o f Environment, 

82-95.

S t r a h l e r ,  A., and Jupp, D,, 1990, Modeling Bidirectional Reflectance of Forests and Woodlands 

Using Boolean Models and Geometric Optics. Remote Sensing o f Environment, 34, 153- 

166.

S t r a h l e r ,  A., Li, X., and Jupp, D., 1991, Calculating the Bidirectional Reflectance of Natural 

Vegetation Covers Using Boolean Models and Geometric Optics, In 5th International Col

loquium: Physical Measurements and Signatures in Remote Sensing, Courchevel, France, 

pp. 459-462.

S t r a h l e r ,  A., W o o d c o c k , C., and S m ith , J., 1986, On the Nature of Models in Remote Sensing. 

Remote Sensing o f Environment, 20, 121-139.

S u n , G., and R a n s o n ,  K., 1995, A Three-Dimensional Radar Backscatter Model of Forest 

Canopies. IEEE Transactions on Geoscience and Remote Sensing, 33, 372-382.

S u n , G., and R a n s o n ,  K., 1996, Radar Modeling of Forest Spatial Structure, In IGARSS ’96: 

Remote Sensing for a Sustainable Future, volume 1, pp. 577-579.

T a n g , L., Wu, C ., and C h e n , Z., 2002, Image Dense Matching Based on Region Growth with 

Adaptive Window. Pattern Recognition Letters, 23, 1169-1178.

T au d , H., P a r r o t ,  J.-R, and A lv a r e x ,  R., 1999, DEM Generation by Contour Line Dilation. Com

puters and Geosciences, 25, 775-783.

T h a k u r ,  R., and D ik s h i t ,  O., 1997, Contextual Classification with 1RS LISS-II Imagery. ISPRS 

Journal o f Photogrammetry and Remote Sensing, 52, 92-100,

T iw a r i ,  a ., and S in g h , J., 1984, Mapping Forest Biomass in India Through Aerial Photographs 

and Nondestructive Field Sampling. Applied Geography, 4, 151-165.

T o u t in ,  T, 2000, Evaluation of Radargrammetric DEM from RADARS AT Images in High Relief 

Areas. IEEE Transactions on Geoscience and Remote Sensing, 38, 782-789.

T o u t in ,  T, 2001, Elevation Modelling from Satellite Visible and Infrared (VIR) Data. Interna

tional Journal o f Remote Sensing, 22, 1097-1125.

T o u tin , T., 2002 , DEM from Stereo Landsat 7 ETM Data Over High Relief Areas. International 

Journal o f Remote Sensing, 23, 2 1 3 3 -2 1 3 9 .



REFERENCES 389

T r e i t z ,  P., 2001, Variogram Analysis of High Spatial Resolution Remote Sensing Data: An Exam

ination of Boreal Forest Ecosystems, International Journal o f Remote Sensing, 22, 3895- 

3900.

T r e i t z ,  P., and H o w a r th ,  P., 2000, High Spatial Resolution Remote Sensing Data for Forest 

Ecosystem Classification: An Examination of Spatial Scale. Remote Sensing o f Environ

ment, 268-289.

T u r n e r ,  I., W o n g , Y., C h e w , P., and b in  Ib ra h im , A., 1996, Rapid Assessment of Tropical Rain 

Forest Successional Status Using Aerial Photographs. Biological Conservation, 77, 177- 

183.

UN, 1992, Non-Legally Binding Authoritative Statement of Principles for a Global 

Consensus on the Management, Conservation and Sustainable Development of 

All Types of Forests, Annex III to Report of the United Nations Confer

ence on Environment and Development (UNCED), Also available as web page: 

http://www.un.org/documents/ga/confl5 l/aconfl5126-3annex3.htm.

UN, 2003, Status of Ratification, http://unfccc.int/resource/conv/ratlist.pdf. Last Accessed: July 

2003.

UNFF, 2003, United Nations Forum on Forests: About UNFF,

http://www.un.org/esa/forests/about.html. Last Accessed: July 2003.

V an  D e r  M e e r ,  E, B a r k e r ,  W., S c h o l t e ,  K., S k id m o re , A., d e  J o n g , S., C le v e r s ,  J., A d d in k , E ., 

and E pem a, G., 2001, Spatial Scale Variations in Vegetation Indices and Above-Ground 

Biomass Estimates: Implications for MERJS. International Journal o f Remote Sensing, 

22, 3381-3396.

V a n d e k e rk h o v e ,  K., D e  W u lf ,  R., and N g o c  C h in h , N .,  1993, Dendrology and Forest Structure 

of Nam Bai Cat Tien National Park, Vietnam, Technical report, WWF International and 

Universiteit Gent.

V e rm o te ,  E. R, T a n r e ,  D .,  D e u z e , J. L., H e rm a n , M ., and M o r c r e t t e ,  J. J., 1997, Second Simula

tion of the Satellite Signal in the Solar Spectrum, 6S: An overview. IEEE Transactions on 

Geosciences and Remote Sensing, 35, 675-686.

W a lf o r d ,  N., 1995, Geographical Data Analysis (Chichester: John Wiley and Sons).

W a l la c e ,  C., W a t t s ,  J., and Y o o l ,  S., 2000, Chracterizing the Spatial Structure of Vegetation 

Communities in teh Mojave Desert Using Geostatistical Techniques. Computers and Geo

sciences, 397—410.

http://www.un.org/documents/ga/confl5
http://unfccc.int/resource/conv/ratlist.pdf
http://www.un.org/esa/forests/about.html


REFERENCES 390

W a l th a l l ,  C ., N o rm an , J., W e lle s ,  J., C am p b e ll, G., and B la d ,  B ,, 1985, Simple equation to 

approximate the bidirectional reflectance from vegetated canopies and bare soil surfaces. 

Applied Optics, 24, 3 8 3 -3 8 7 .

W a ts o n , R ., N o b le ,  I., B o lin ,  B ., R a v in d r a n a th ,  N ., V e r a r d o ,  D .,  and D o k k e n ,  D .,  2000, Land 

Use, Land-Use Change And Forestry, Technical report. Intergovernmental Panel on Cli

mate Change (IPCC), Available as webpage: http://www.grida.no/climate/ipcc/ (Last Ac

cessed: July 2003).

W h i t t a k e r ,  E., and R o b in so n , G., 1954, The Calculus o f Observations: A Treatise on Numerical 

Mathematics, fourth edition edition (Blackie and Son Ltd.).

WiEGAND, C., R ic h a r d s o n ,  A., E s c o b a r ,  D., and G e rb e rm a n n , A., 1991, Vegetation Indices in Crop 

Assessments. Remote Sensing o f Environment, 35, 105-119.

W o o d c o c k , C ., C o l l in s ,  J ., J a k a b h a z y , V, Li, X., M a c o m b e r , S., and W u , Y, 1997, Inversion of the 

Li-Strahler Canopy Reflectance Model for Mapping Forest Structure. IEEE Transactions 

on Geoscience and Remote Sensing, 35, 405^14.

W o o d c o c k , C., and S t r a h l e r ,  A., 1987, The Factor of Scale in Remote Sensing Data. Remote 

Sensing o f Environment, 21, 311-322.

W o o d c o c k , C., S t r a h l e r ,  A., and Jupp, D., 1988a, The Use of Variograms in Remote Sensing I. 

Scene Models and Simulated Images. Remote Sensing o f Environment, 25, 323-348.

W o o d c o c k , C., S t r a h l e r ,  A., and Jupp, D., 1988b, The Use of Variograms in Remote Sensing II. 

Real Digital Images. Remote Sensing o f Environment, 25, 349-179.

WuLDER, M., 1998, Optical Remote-Sensing Techniques for the Assessment of Forest Inventory 

and Biophysical Parameters. Progress in Physical Geography, 22, 449^76.

WuLDER, M., L e D r e w , E., F r a n k l i n ,  S., and L a v ig n e , M., 1998, Aerial Image Texture Information 

in the Estimation of Northern Deciduous and Mixed Wood Forest Leaf Area Index (LAI). 

Remote Sensing o f Environment, 64-76.

WuLDER, M., N ie m a n n , K., and G o o d e n o u g h , D., 2000, Local Maximum Filtering for the Ex

traction of Tree Locations and Basal Area from High Spatial Resolution Imagery. Remote 

Sensing o f Environment, 103-114.

WuLDER, M., N ie m a n n , K., and G o o d e n o u g h , D., 2000b, Error Reduction Methods for Local Max

imum Filtering, In Remote Sensing and Spatial Data Integration: Measuring, Monitoring 

and Modeling, 22nd Symposium of the Canadian Remote Sensing Society, Victoria, British 

Columbia, Canada.

http://www.grida.no/climate/ipcc/


REFERENCES 391

WuYTACK, J., 2000, The Wetlands of Cat Tien National Park - Vietnam, Technical report. Cat Tien 

National Park Conservation Project,Vietnam.

WWW, 2002, Agent Orange Website, http://www.lewispublishing.com/orange.htm. Last Ac

cessed: January 2002.

WWW, 2003a, Characteristic Curves, http://www.screensound.gov.au/glossary.hsf/Pages/Characteristic-i-Cur\ 

Last Accessed: March 2003.

WWW, 2003b, TERRA: The EOS Flagship, http://terra.nasa.gov/About/, Last Accessed: July 

2003.

WWW, 2003c, Texture: Statistical Texture Description,

http://www.icaen.uiowa.edu/ dip/LECTLFRE/Texturel.html, Last Accessed: July 2003.

WWW, 2003d, Vegetation Programme, http://www.spot-vegetation.com/. Last Accessed: July 

2003.

W y a tt,  B., Jones, A., S e t t l e ,  J., and D ra k e ,  N., 1988, Alternative Approaches to the Classification 

of Upland Semi-Natural Vegetation, In Proceedings o f IGARSS ’88 Symposium, Edinburgh,

Scotland, pp. 1195-1198.

Y am agata, Y , and Y asu o k a , Y , 1993, Classification of Wetland Vegetation by Texture Analy

sis Methods Using ERS-1 and JERS-1 Images, In Better Understanding o f Environment, 

volume 4, International Geoscience and Remote Sensing Symposium, IGARSS, pp. 1614- 

1616.

Y am azaki, T , and G in g ra s , D., 1996, A Contextual Classification System for Remote Sensing Us

ing a Multivariate Gaussian MRF Model, In Proceedings o f IEEE International Symposium 

on Circuits and Systems Connecting the World, volume 2, pp. 648-651.

Yu, J., and Q u eg an , S., 1999, Investigation of Image Properties in the SIBERIA Proect, SIBERIA 

Working Note 26,SCEOS.

Z h an g , X., V an E ijk e re n , J., and H eem ink, A., 1995, On the Weighted Least-squares Method for 

Fitting a Semivariogram Model. Computers and Geosciences, 605-608.

ZoMER, R., UsTiN, S., and Ives, J., 2002 , Using Satellite Remote Sensing for DEM Extraction in 

Complex Mountainous Terrain: Landscape Analysis of the Makalu Banin National Park of 

Eastern Nepal. International Journal o f Remote Sensing, 23, 1 2 5 -1 4 3 .

VAN Zyl, j., 2001, The Shuttle Radar Topography Mission (SRTM): A Breakthrough in Remote 

Sensing of Topography. Acta Astronautica, 48, 559-565.

http://www.lewispublishing.com/orange.htm
http://www.screensound.gov.au/glossary.hsf/Pages/Characteristic-i-Cur/
http://terra.nasa.gov/About/
http://www.icaen.uiowa.edu/
http://www.spot-vegetation.com/

