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Abstract

Land-cover is an important data source both in its own right and as a surrogate for
many environmental variables. Remote sensing is the only viable means by which such
data can be acquired at regional and global scales. To produce accurate land-cover
maps, the appropriate number and nature of classes must be identified. It is expected
that the type of classes that can be discriminated will alter as the spatial scale
(resolution) of the data changes. This hypothesis is examined in three experiments
performed on satellite sensor data of three sites (SW Niger, N Norfolk and NW
England). The first experiment examines the spatial structure of raw image data for
evidence of domains of scale in the corresponding scenes. The results suggest that
domains of scale may exist over the range of spatial scales (resolutions) studied (20m-
25m to 12km), each of which may demand a separate taxonomy. The second
experiment examines thematic maps (c.f. raw images) for further evidence by analysing
the region size distributions, and changes in class proportions and landscape ecology
indices as data are degraded from fine to coarse spatial scales. The results provide only
weak confirmation of the trends identified in the raw imagery. The third experiment
examines how the nature of ‘pure’ classes identified at some fine spatial scale changes
as the data are degraded and the pixels become increasingly mixed. The detected
spectral responses will change and, as a consequence, new class definitions are required
to maintain an accurate representation of the land-cover. The novel elements of this
thesis include: (i) an objective comparison of several measures used to quantify spatial
structure in raw image and thematic map data; and (ii) the relationship between land-
cover classes and the spatial resolution is examined using a new technique based on

clustering in class proportion space.
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1. Introduction

1.1 Issues in environmental change

Understanding the global environment and how it changes is a critical issue for
scientists and policy-makers alike (IGBP 1990, CEOS 1992). Many significant
environmental issues, e.g.,, global warming, ozone depletion, desertification,
deforestation of the tropical rainforests and reduced biodiversity must be addressed. In
many instances, however, even the most basic problems cannot be properly examined.
For example, we do not know accurately the rate at which deserts are spreading, nor the
effects of land use change on the emission of greenhouse gases (Estes and Mooneyhan
1994). To model such processes effectively, it is critical that we collect data at regional
and global scales (Ehrlick et al. 1994). The current trend is towards modelling and

monitoring at these broader scales.

There is a realisation that processes operating at the local scale not only affect the
landscape in the immediate vicinity, but also have an impact at the regional and global
scales. Human activity at the local scale affects the Earth’s physical, biological and
chemical systems, e.g., ozone depletion, degradation of the freshwater supply and
change in the distribution and composition of the vegetation cover (Kelmelis 1993,
Hobbs 1989). However, the effects of processes operating at the global scale on the
Earth’s surface at the local scale are less easily identified. One example is that of global
warming: the burning of fossil fuels is a major contributor to atmospheric carbon

dioxide, the most prevalent of greenhouse gases. While it is predicted that a doubling of
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the carbon dioxide concentration over a period of 70 years will contribute to increases
of 2.1°K to 3.5°K in the mean global temperature (Mitchell e al. 1995, IPCC 1996), the
impact at the local scale is much harder to predict: we can expect some areas to become
much warmer and others to be much cooler. In short, the impacts of global change are

likely to vary considerably at the local scale.

To understand problems at the global scale, it is critical to identify and to understand
the processes operating at regional and local scales (Graetz 1989, Kelmelis 1993). To
do this we need to monitor change accurately and develop predictive models (Hobbs
1989). There are, however, deficiencies in many of the available data sets. For example,
information on global vegetation cover, soil moisture, biome extent, productivity and

nutrient cycling are important but, at present they are poorly described (Hobbs 1989).

The example of deforestation is indicative of the problems that must be faced. Tropical
rainforests play an important role in regulating the global climate — among other things
they are believed to be an important sink of atmospheric carbon (Foody 1994). Much of
the uncertainty surrounding the effect of deforestation is due to the fact that even the
most basic measures of the rainforests — e.g., their areal coverage are not known to any
great level of accuracy (Townshend et al. 1991). Nevertheless, it is known that in
countries, such as Brazil and Nigeria, very large areas of the Earth’s surface are
undergoing significant and rapid change due to deforestation (Nelson and Holben
1986). At the global scale, it is thought that deforestation may alter the mean global
temperature, but whether this will be an increase or a decrease is not known. It is
hypothesised that deforestation may increase the mean global temperature due to
enhanced levels of atmospheric carbon dioxide, or it may reduce the mean global

temperature as a result of the increased surface albedo value (Nelson and Holben 1986).
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At the regional scale, the effects of deforestation can be dramatic, e.g., increased soil
erosion, greater surface runoff and loss of important flora (Nelson and Holben 1986).
The local climate may be altered because of the changing water balance due to a

reduction in evapotranspiration and rainfall (Nelson and Holben 1986).

Data at global scales are not only required for scientific research. For example,
estimates of agricultural production are important at all scales from local, to regional
and global. At the local scale this can help a farmer to identify probable yield and hence
determine profitability. At regional scales, expected yields can help to regulate
production and markets. At the global scale, estimates can help to organise world
markets and to develop policies to provide assistance to countries hit by drought or

famine (Puyou-Lasscassies et al. 1994).

In developing countries, however, basic data on soils and land cover are often lacking
or non-existent (Estes and Mooneyhan 1994). These data are important as they help to
characterise the current state of the region and predict future conditions. For example,
accurate soil surveys are required to monitor how the subsistence farmers in the
highland regions of Thailand affect their local environment. Each slash and burn cycle
(10-12 years) can have a major effect on the local and regional ecosystem due to

deforestation and erosion (Estes and Mooneyhan 1994).

To make sensible decisions as to how we should tackle the problem of environmental
change, we must model processes accurately and predict how, for example, the climate
will be altered based on changes in atmospheric carbon dioxide content or the extent of
the tropical rainforests. Obtaining accurate data at global scales is a necessary

prerequisite. Even the most sophisticated models, e.g., Global Climate Models (GCMs)
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have had to rely on data of variable or poor quality, such as those defining the global
distribution of vegetation (Wilson and Henderson-Sellers 1985). The use of inaccurate
or unreliable data may result in erroneous predictions of the future state of the climate

and hence inappropriate policy decisions.

1.2 Trends in Earth observation

Parallel to the change in the emphasis towards environmental monitoring and modelling
at global scales, there has been a trend in Earth observation towards mapping and
monitoring at the broader regional and global scales. In the early days of satellite
remote sensing, the focus was on mapping at relative fine spatial resolutions, e.g.,
Landsat MSS at 79m (Bauer et al. 1979, Welch et al. 1979, Stove and Holme 1980).
Throughout the 1980s the National Oceanographic and Atmospheric Administration
(NOAA) satellites equipped with the Advanced Very High Resolution Radiometer
(AVHRR) proved highly successful at providing data on land surface vegetation cover
and its dynamics at regional and global scales. Indeed, the somewhat unanticipated
success of AVHRR has paved the way for a new generation of coarse spatial resolution
satellites sensors, e.g.,, MODIS, MERIS, SPOT-VEGETATION, AVHRR/3, VIRSR,
AATSR (CEOS 1992), each of which is due for launch in the next decade. They will

form the basis for mapping at regional and global scales for the foreseeable future.

The need to quantify the effects of change in the global environment also prompted the

creation of the International Geosphere-Biosphere Programme (IGBP) in 1986. Its

objective is to understand the Earth as a system and to monitor the role of the physical,
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chemical and biological processes that influence the Earth (IGBP 1990, 1992). Three

basic aims, common to all IGBP projects, have been identified:

e To document precisely global-scale changes in key areas, to assess the way in which
the planet as a whole is evolving with time;

e To measure long-term trends in the forcing functions of global change;

e To measure simultaneously several environmental properties to study interactive

processes which regulate the Earth system.

Satellite remote sensing data are crucial in this context, largely because it is the only
feasible means by which the data requirements for the different IGBP projects can be
collected at regional to global scales. The data are, for the most part, economical,
consistent, accurate, timely and reliable (Mooney and Hobbs 1989, Curran and Foody
1994). By comparison, previous attempts to compile maps at the global scale (e.g.,
Matthews 1983, Wilson and Henderson-Sellers 1985) from a multitude of static (map)
data sources have been problematic, due to differences in the taxonomic criteria and
definition, and the scales of compilation between the constituent map sources

(Townshend et al. 1991, DeFries and Townshend 1994).

Accurate land-cover data are important to the study of global change. Land-cover data
are not only important in their own right, but also as a surrogate data set for many
environmental variables that cannot be measured directly, e.g., albedo (Wilson and
Henderson-Sellers 1985), Leaf Area Index (LAI) (Tucker and Sellers 1986), and
surface roughness (Matthews 1983). For example, global and regional land-cover data
sets have been derived from an analysis of the temporal in the Normalised Difference

Vegetation Index (NDVI) produced from NOAA-AVHRR images (e.g., Hayes 1985,
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Justice et al. 1985, Townshend et al. 1989, Goward et al. 1991, Townshend et al.
1991). The same data have also been used to derive estimates of a number of ecological
variables, including primary production (Prince 1991, Bégré and Prince 1992), LAI
(Peterson et al. 1987), net productivity (Running and Nemani 1988), soil moisture

(Cihlar et al. 1991), and above-ground biomass (Tucker et al. 1985).

The success of vegetation studies at the regional and global scales using data from the
AVHRR sensors derives in large measure from its high temporal frequency which
provides some compensation for its relatively low spatial resolution (Robinson 1996).
Using relative fine spatial resolution data to monitor at regional to global scales is not
feasible, due to the massive volume of data that would be generated and the much lower
temporal frequencies of these sensors. Clearly, the relatively coarse spatial resolution of
the AVHRR sensors (1.1km for Local Area Coverage (LAC) data) can not hope to
identify the detail visible in Landsat MSS data, but a high temporal resolution permits
land-cover classes to be distinguished on the basis of phyto-phenology (Tucker et al.

1985).

It should be noted that a single AVHRR-LAC pixel covers the same area on the ground
as approximately 194 Landsat MSS pixels. As a result, the number of land-cover classes
that can be represented for this area will therefore differ: an AVHRR pixel can
represent only one class, unless techniques such as mixture modelling (Drake 1991) are
applied. This is the problem of the scale of observation. Thus, as the spatial resolution
at which we sample changes from fine to coarse, there is reduction in the amount of
spectral and spatial information in an image representation of a scene, and as a

consequence it is anticipated that the number and nature (i.e., the specific definitions we
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use to discriminate between types, such as wheat, barley and soil) of land-cover classes

that can be identified will also change.

To produce accurate land-cover maps, we must identify classes that are appropriate to
the scale of the data. Unfortunately due to the spatial pattern in a scene there is no
simple relationship between the number of classes and the scene spatial resolution. We
know that at fine spatial resolutions very specific classes can generally be
discriminated, such as individual crop types, whilst at coarse spatial resolutions the
nature of the classes becomes broader, e.g., boreal forest. There are, however, no
means by which we can determine when land-cover classes identified at some fine
spatial resolution need to be altered, because there is insufficient spatial and spectral
information to identify those same classes at some coarser spatial resolution. Moreover,
our expectation of what is on the ground does not necessarily correspond to the image
information used to discriminate land-cover types at coarser spatial resolutions, nor to
the classes that are appropriate to a given application, e.g., climatic vegetation types are

required by GCMs.

1.3 Aims and structure of this thesis

The aim of this thesis is to explore the effects of changes in the image representation of
a scene as a function of scale. In examining changes of scale, we are simply moving
from fine scales to broad. Crucial to producing accurate scene representations is
identifying the most appropriate number and nature of the classes that can be
discriminated based on the spatial and spectral information available at the scale of

observation. In general, however, we tend not to consider the effects of scale on our
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ability to discriminate individual classes. Instead, we assume implicitly that the
relationship between scene objects and the scene itself is either constant or it varies
linearly. Quantifying the effect of changing scale on a scene’s spatial and spectral

information will help to shed light on the need to treat scale explicitly.

The effects of changing scale on both the spectral and spatial information in an image is
explored with respect to how we define classes within a scene. In particular, we examine
how the scene spatial structure alters with scale using the spectral data. The effect of scale on
the spatial relationship between classes objects is also analysed. Spatial data refers to the
individual class ‘objects’ or patches, i.e., a group of adjacent pixels with the same class
label, that exist in a thematic representation of a scene. The issue of extracting information
on classes that cannot be distinguished because of the scale at which the data are collected is
examined. Rather than investigating methods that attempt to infer information on classes
defined at scales finer than the image data, the problem is approached from a different
perspective. A technique is developed for predicting the nature of classes that can be

expected at some coarser spatial scale, based on data collected at some finer spatial scale.

Thus, the three main aims of this thesis are:

1. to examine raw image (spectral) data to determine the dominant scales of spatial and
spectral variability in the corresponding scenes and, from this, to establish whether there
are identifiable spatial scales at which the classification scheme should be modified
(Chapter4);

2. to determine whether the patterns identified in the raw image data also exist in thematic
map data and examine the implications of this in terms of the number and nature of

classes that can be identified at any given spatial resolution (scale) (Chapter 5);
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3. to develop a new technique that aims to define the appropriate number and nature of
land-cover classes we can expect to discriminate in coarse spatial resolution data (Chapter

6).

The objective is to achieve a better understanding of how changing the spatial scale of
observation affects our ability to monitor environmental processes effectively and, as a
consequence, the impact that this may have in future local and global studies of

environmental change.
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2. Review and Commentary

2.1 Introduction

This chapter discusses previous work that has examined the relationship between spatial
scale and environmental variables (or their representation by means of a land-cover
classification). It begins with a review of work in the field of landscape ecology (Section
2.2). Much of the work in this area of science focuses on inferring environmental processes
from a study of the spatial pattern of land cover. In doing so, landscape ecologists have
tended to promote the notion that the spatial pattern of land cover is the result of processes
operating at a variety of scales. In simplifying the complex multitude of these environmental
processes, they have also tended to suggest that there is a hierarchy of spatial scales at

which these operate — e.g., local, regional and global.

In Sections 2.3-2.8, the issues of spatial scale are explored from a remote sensing
perspective. This begins with a consideration of the impact of sensor spatial resolution or
detected spectral responses (Section 2.4), before proceeding to examine the so-called ‘mixed
pixel’ problem (Sections 2.5 and 2.6). In Section 2.7, it is argued that the concept of a
hierarchy — particularly Domains of Scale — can help remote sensers to understand better
the issues involved with mixed pixels and how this affects our ability to discriminate land-
cover classes appropriate to the scale at which image data are collected. The following
sections consider the means by which evidence for the existence of domains of scale may be
found in raw image data and its derived thematic representation (Section 2.8). The

discussion concludes with a consideration of the changing spectral response of different
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classes as the spatial scale is degraded from fine to coarse and how the techniques we have

at our disposal attempt to extract information on the land-cover (Section 2.9).

2.2 Scaling issues

Much work has been produced discussing the effects of spatial scale particularly in
landscape ecology (e.g., Addicott et al. 1987, Meentemeyer and Box 1987,
Meentemeyer 1989, Wiens 1989, Allen and Hoekstra 1991). Environmental processes are
referred to as being ‘scaled’ in nature (Meentemeyer and Box 1987, Turner 1989,
Wiens 1989) where the factors controlling, for example, the spatial distribution of
vegetation demographics (Moloney 1988) or ocean circulation dynamics (Legendre and

Demers 1984) operate at a variety of spatial and temporal scales.

To model environmental processes effectively data must be collected at the appropriate
spatial scales (Turner 1989). The following three examples illustrate how the relative
influence of processes changes as a function of scale. First, the pattern of precipitation
events between one minute and one hour in duration tend to be influenced by atmospheric
variables affecting local convection and dew-point depression. Events of greater than one
hour in duration are defined by low-level feeder clouds, potential instability and wind speed.
As the time period increases, the climate as a whole begins to exert greater control
(Meentemeyer 1989). As a second example, the main factors controlling transpiration rates
at the leaf, canopy and vegetation scales, are stomatal control, incident radiation and
temperature (Jarvis and McNaughton 1986), and climate (Woodward 1987), respectively.

The final example is that of the distribution of nitrogen discharge: at the watershed scale,
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this is a function of land use, fertiliser application, slope and soil type, whilst at the global

scale, precipitation and run-off become dominant (Meentemeyer and Box 1987).

The pattern of the landscape is a function of the environmental and human processes
that operate on it at all spatial scales. The three examples that have been presented
indicate that as the scale at which a landscape is observed changes, the relative
influence of processes alters. As a consequence, the manifestations of these processes —
the pattern of land-cover — will also change. The spatial resolutions at which data are
collected to monitor processes will effectively define the scales of variability that can be
observed. If the spatial resolution of a sensor is sufficiently fine, in theory, all scales of
variability in a landscape may be identified. If the same landscape is viewed at coarse
spatial resolutions, then the finest scales of variability will be ‘lost’. The implication,
therefore, is that the classification scheme used to represent the landscape at a fine
spatial scale may not be suited to represent the landscape at a coarse spatial scale. Thus,

different classification schemes may be appropriate at different scales of observation.

2.2.1 Hierarchical context

The use of hierarchy theory in the field of landscape ecology is now discussed. A
hierarchy is a useful concept as it provides a convenient theoretical framework into
which the influences of processes that affect spatial pattern may placed (Wessman

1992). If this is possible then the dominant processes operating at each level in a system

may be isolated (Allen et al. 1987, O'Neill et al. 1989).

Hierarchy theory states that complex systems develop a hierarchical structure (O'Neill et

al. 1986,1991a Krummel et al. 1987). It is suggested that landscapes are nested hierarchies
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(King 1991), in which the system dynamics can be isolated into a series of discrete scales
(O'Neill et al. 1991a,b). In this context, a hierarchical structure defines a system with a
spatial pattern that changes as a function of scale of observation (Lavorel et al. 1993).
Each level in a hierarchy is composed of a series of sub-systems acting at lower levels (i.e.,
finer spatial scale), whilst at the same time it is a component of a higher level system (i.e.,

coarser spatial scale)(O'Neill et al. 1989).
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Figure 2.1 A constraint envelope for a theoretical mammal. The climatic limits in which this mammal
survives are defined by the conditions of heat exchange (y-axis) and metabolic rates (x-axis). After
O’Neill et al. (1989, p195)

There are several concepts from landscape ecology theory that take advantage of the
hierarchical nature of landscapes — ecological neighbourhoods, constraint envelopes and
domains of scale. As ecological neighbourhoods (Addicott et al. 1987) and constraint
envelopes (O’Neill et al. 1989) are very similar ideas, so they are discussed together. A
neighbourhood is defined by three properties — an ecological process, a time scale for the
process, and an organism’s influence on the landscape during that time period (Addicott ez
al. 1987). A neighbourhood delimits the range of scales across which the size, isolation,
duration and, hence, the spatial pattern are consistent for a given process. A constraint

envelope is very similar except the limits are defined by physical factors (Figure 2.1)
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2.3 Scaling issues in a remote sensing context

Work on scaling has been undertaken in a range of disciplines, but comparatively little of it
in remote sensing. Although few researchers address scale explicitly (notable exceptions
being Woodcock and Strahler 1987, Townshend and Justice 1988, Raffy 1992, Moody and
Woodcock 1994), there is a growing realisation that scale is a significant factor affecting the
pattern of land-cover. If a classified image of a scene does not represent the land-cover
distribution accurately, the use of the map in any subsequent model may lead to ambiguous
results. It must, therefore, be determined how appropriate a particular classification scheme
is to data at a given spatial scale. There are two elements that must be addressed. First, the
means by which the scales of remotely sensed data can be associated with a level in a
hierarchy must be developed, and second, identifying the most appropriate classification

schemes needed to characterise a scene.

‘Noise’ ‘Optimum’ ‘Mixed Pixel’
i a
Fine Spatial scale Coarse

b
2
5
Kl
&
>

Figure 2.3 An optimum sensor spatial resolution exists when the pixel size is equivalent to the size of a forest
(a), and the internal variability of the forest class is minimised (b)

We can put the scaling concepts from landscape ecology into a remote sensing context. The
problem is one of identifying classes that are appropriate to the scale of the image data

(Figure 2.3a). If we were to sample a forest at very fine scales, the internal variability of the
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scene elements (e.g., shaded and illuminated crowns, shaded and illuminated understorey or
substrate) or ‘noise’ within the forest would be picked up. By contrast, at coarse spatial
resolutions where the pixels are as large or much larger than the forest, the majority of the
scene would be composed of mixed pixels. There is then a reduced probability that adjacent
pixels have the same class label and the nature of the mixing will contribute to a high pixel-
to-pixel variability. It is possible that, between these two extremes, an optimum spatial
resolution exists at which both the internal variability and the mixing with other cover types
are minimised so that the forest can be mapped efficiently. In this case, the two limits will
define the range of spatial resolutions spanned by a single level in a hierarchical of land-
cover classes. The remainder of this chapter discusses the issues associated with identifying

hierarchies and defining the appropriate land-cover classes from remote sensing images.

2.3.1 Image classification

The techniques used to assign class labels to individual pixel tends to fall into one of two
basic categories — supervised or unsupervised (Mather 1987, Campbell 1996). The scale at
which data are sampled is critical to the process of classification as the spatial and spectral
resolutions define the availability of useful information to discriminate between classes
(Townshend and Justice 1988). Although the temporal resolution is also a factor, here we

discuss only the spatial and spectral aspects of remotely sensed data.

The performance of a classifier is dependent on selecting appropriate class divisions.
Spectral classifiers generally rely on spectral signatures alone to define class locations in
feature space (Mather 1987). It is assumed that different areas of the same land-cover class
have similar spectral responses. The areal extent of satellite images is, however, often large

enough that surface conditions for a single class are not consistent throughout an entire
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image. In such instances, it can be difficult to identify suitable training areas for certain
classes, without impacting on others. The classification algorithm is also affected by the
sensor spatial resolution. It is assumed images can be partitioned into spatially homogeneous
classes. In reality, however, discrete classes do not always exist: outside of managed
(agricultural) landscapes a continuum of variation (environmental gradient) rather than a

boundary is often more likely (Woodcock and Strahler 1987).

The fundamental problem is, however, that there are no objective means of defining the
most appropriate set of classes that should be identified for any given scene at a
particular spatial scale of observation. A classification scheme is generally based on
user expectation and experimentation, rather than on some objective criteria (Davis et
al. 1991). The impact of sampling at different sensor spatial resolutions on the spatial
and spectral information is rarely considered. In considering this point further, it is
helpful to examine the relationship between the scale of observation (i.e., sensor spatial

resolution) and the information content of remotely sensed images.

2.4 Effect of changing sensor spatial resolution on the spatial and
spectral information content of remotely sensed images

A digital satellite sensor image represents an area on the ground from which the reflectance
data are collected. This information is acquired at a number of wavelengths and across a
nominal spatial support (resolution)(Figure 2.4). The nominal spatial resolution imposes a
spatial sampling regime on the data. This influences the size of the smallest identifiable

scene object when using information reduction techniques, e.g., image classification. As a
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made up of mixed pixels, it must be defined in the same way as a mixed pixel: both the
spectral response and the spatial arrangement of the component elements of the mixed
pixel must be representative of the new, emergent class (Figure 2.8a). In Figure 2.8a
the component elements of grass, tree and bare soil pixels combine to form the new
class forest. A problem occurs, however, when new cover types appear that are not
representative of the mixed class components. In Figure 2.8b a mixed pixel is composed

of tree and water, but its mean spectral response ambiguously represents forest.
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Figure 2.8 a) The mixed pixel represents a class consistent with the original cover types; b) The mixed
pixel ambiguously represents another class

It is because landscapes are heterogeneous entities that it is not realistic to expect
spatially adjacent cover types to group conveniently together to form new super classes
to which a suitable class definition can be applied. The composition of mixed pixel in a
scene and, therefore, the nature of the mixed classes that may emerge will be dependent
on the spatial distribution of the different class objects. Although it is possible that a
multitude of class combinations exist in scenes that cover a large area, we can group

them into several categories based on their composite spectral responses:

38



1. Those corresponding closely to one of the original land-cover types — this
class is effectively one of the original classes which remains distinct at
the coarser spatial resolution;

2. Those corresponding to a new, class definition based on the spatial
arrangement of the scene objects — this class is unique and corresponds to
the emerging forest class in Figure 2.8a;

3. Those exhibiting a similar spectral response to one of the original cover
types or a new class (e.g., forest), but they are composed of different
combinations of cover types — this class corresponds to the mapping of
tree and water pixels to the forest class in Figure 2.8b. The class is not
representative of its sub-pixel components; and

4. Those where more than one mixed pixel class corresponds to one of the
original land-cover classes — the spatial nature of the mixing is such that
at some coarse spatial resolution one class may be represented by two

(spectrally) distinct, but representative mixed pixel classes.

2.6 Defining relations between classes at different spatial scales

The relationships in Section 2.5 are described more formally as mathematical relations
— i.e., one-to-one, one-to-many, many-to-one, and many-to-many (Truss 1991; Figure
2.9). They define how land-cover classes identified at different spatial scales, are
related. The one-to-one and many-to-one relations are simple to describe as the nature
of the solution is both unique and unambiguous. A one-to-one relation (i.e., a single
mutually exclusive mapping)(i in Figure 2.9) states that classes remain distinct at both

scales. Similarly, the many-to-one relation (i.e., a unique combination of classes)(ii in
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Figure 2.9) exists where several classes identifiable at some fine spatial resolution
group together form a new super class (e.g., tree, grass, and soil are combined under

the broader definition, forest; Figure 2.8a).

Figure 2.9 Four possible relations may exist between classes at different spatial scales: i) one-to-one; ii)
many-to-one; iii) one-to-many; and iv) many-to-many

Problems for spectral classifiers being when classes exhibits a one-to-many or many-to-
many relation, because a class at a fine spatial scale can map to more than one class at a
coarse spatial scale: there is no unique solution. A one-to-many relation implies that a
class at a fine spatial resolution can map to more than one class at a coarse spatial
resolution (iii in Figure 2.9). Intuitively this tends to be a relation that is rarely
identified: it is unlikely that a single class will map solely to multiple classes. More
likely is the expectation that a many-to-many relation will exist (iv in Figure 2.9) — this
is the main focus of the mixed pixel problem. Several problems exist that complicate
the issue of discriminating a mixed class. First, the combination of the same sub-pixel
elements can produce varying spectral responses depending the size of the proportions.
Second, different combinations of sub-pixel elements can produce the same spectral

response. As traditional classifiers can only assign a single class label per pixel,
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classification accuracy will suffer as cover types identified at a fine spatial resolution

map to multiple classes at coarser spatial resolutions.

If information on land-cover classes is to be identified in scenes that contain a large
number of mixed pixel, spectral classification algorithms may not be able to provide a

suitable representation of the spatial pattern. In such cases, there are two alternatives:

1. the sub-pixel elements can be unmixed; or

2. anew classification scheme can be defined

The unmixing of the sub-pixel elements (Point 1) is a typical response, where techniques
such as mixture modelling (Quarmby et al. 1992) and fuzzy classification (Wang 1990)
have been used to extract data on the proportion of land-cover classes within individual
pixels — they attempt to infer information at scales finer than that at which the image data
are acquired. These techniques are reviewed in Section 2.9. In the context of this thesis,
however, we are examining the nature of the land-cover classes can be identified at the
coarser spatial scales. In this respect, the consideration is towards maintaining a consistent
representation of the spatial pattern by identifying suitable land-cover classes based on
the information available in a scene as the spatial sampling scale becomes increasingly

coarse, Le., Point 2 (Marceau et al. 1994a).

It must be determined if it is necessary to change the taxonomy at each new spatial
resolution or whether a single taxonomy is sufficient to characterise a scene across a range
of scales. For instance if one taxonomy characterises a scene between scales of, say, 10m

and 100m, there may be other classification schemes that are appropriate at coarse scales.
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As the same scene is being classified, a relationship must exist between the taxonomies.
To maintain a consistent depiction of the land-cover, how the number and nature of
classes change as a function of scale must be established. The basis for the classification

schemes and how they must be altered can then be determined.

2.7 Hierarchical theory and domains of scale

Strahler et al. (1986) describe the level of information in a scene as a function of the scale of
the data. Information is associated with two model types, i.e., H-resolution and L-resolution.
The model types correspond approximately to the noise and mixed pixel extremes in Figure
2.3a, respectively. They suggest that different classification algorithms — i.e., spectral,
spatial and spectral, and texture — are appropriate to each model type depending on the size,

shape and spatial distribution of scene objects with respect to the pixel size.

The H-resolution model describes the scenario where the spatial resolution at which a scene
is sampled is much finer than the typical size of the scene object. Spectral classifiers are
appropriate to the H-resolution model, where classes can be identified based solely on their
spectral properties (Woodcock and Strahler 1987). At the other extreme, L-resolution
models represent the case where the scene is sampled with a pixel size much larger than the
typical scene objects. Classification based solely on spectral data is insufficient to
discriminate between land-cover classes due to mixed pixels: unmixing techniques,

alternative (e.g., contextual) classification algorithms or ancillary data may be required.

What is unclear (or unstated) in the work by Woodcock and Strahler (1987) is whether there

is a critical scale at which the nature of the scene model changes or whether there is a more
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gradual transition between the two scene models. In the first case, the original (fine
resolution) classes are not applicable at the coarser spatial resolutions due to the loss of the
spatial and spectral information. The scale change, therefore, defines a threshold for the
amount of information required by a classifier to label classes accurately. In the latter case,
difficult issues need to be resolved in terms of the most appropriate classification scheme
(i.e., the number and nature of classes) and the most effective ‘classification’ algorithm at

any given spatial scale.

/'Y A
super object heterogeneity threshold
increasing pixel size object
base elements homogeneity threshold

Figure 2.10 Scales of Heterogeneity and Homogeneity. After Puech (1994)

The work by Woodcock and Strahler (1987) is similar in concept to those of the Scales of
Perception promoted by Puech (1994) and the Hierarchies of Definition offered by Marceau
(1994a,b). In both cases, it is noted that the remotely sensed data cannot be considered
independent of the sampling grid used to collect the imagery — the scale of observation
defines the nature of the land-cover classes that may be discriminated. As the ideas are very
similar, only the scales of perception will be described. Here the spatial scale describes the
level of spatial heterogeneity present, i.e., landscapes can be homogeneous at one scale and
heterogeneous at another. Puech (1994) summarises Cushnie (1987), Strahler et al. (1986)
and Woodcock and Strahler (1987) by interpreting the transition between scene objects
larger than the pixel size, and those smaller than the pixel size, in terms of thresholds of

homogeneity and heterogeneity (Figure 2.10). There are three possible scenarios:
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We cannot, however, assume (spectrally) similar classes are conveniently adjacent such that,
as the scale becomes coarser and the pixels become mixed, the pixel components combine
into a new, more broadly defined class. The relationship between taxonomies at each level is
likely to be much more complex. This is also likely to be cover-type dependent, where some
classes may remain distinct at still coarser spatial resolutions, whilst others may have already
been lost. The shift between taxonomies will, therefore, tend to define a mean scale of
transition. More likely, domains of scale will occur (Wiens 1989). It is hypothesized that
within each domain, the processes that influence the spatial pattern remain relatively stable,
such that a single taxonomy is sufficient to characterise the scene (Figure 2.12), i.e., a range
of spatial scales is associated with a set of dominant, relatively stable processes (Wiens
1989).

‘Degree of

influence’

A

Micro-Climatic Edaphic Climatic

Domain 1 Domain 2 Domain 3

\
A
A

\
\/

» Spatial Scale
Fine Coarse

Figure 2.12 The nature of the land-cover classes across the different domains of scale are associated with a
dominant set of processes. In this instance they are climate based, i.e., micro-climatic, edaphic and climatic

The concept of a domain extends the ideas developed by Strahler et al. (1986) and Puech
(1994) as each domain is defined by the dominant processes that affect the spatial pattern on
the ground, rather than just the scene information. Models, input data and results are only

valid across a specific range of scales. If the threshold between domains can be located, and
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the spatial and spectral structure of an image is related to the dominant scene elements, the
basis for a suitable taxonomy — be it spectral, ecological or biogeophysical — may be
defined. Domains of scale offers a more complete definition for a hierarchical level.

Hereafter, each level will be termed a domain of scale.

As we coarsen the sensor’s spatial resolution, we do not know how the degree of
appropriateness for a classification schemes changes within a domain, nor how rapid the

transition between classification schemes will be. There are two possible scenarios:

Appropriateness
a 1 2 3
1 2 3
b

Spatial Resolution

Figure 2.13 Forms for the Domains of Scale: a) The taxonomy is equally appropriate at all scales within
its Domain of Scale; b) The taxonomy gradually becomes more appropriate until it peaks for a small
range of spatial resolutions. Beyond the peak the taxonomy becomes gradually less appropriate until the
threshold is reached and a new taxonomy takes over

a) A classification scheme is equally appropriate across the full extent of a given
domain of scale. When the threshold is reached the taxonomy is replaced completely
with a new classification scheme (Figure 2.13a); and

b) Each taxonomy is only wholly appropriate across a small range of spatial scales
within its domain, i.e., when the influence of the dominant set of processes is at its
greatest. As the sensor spatial resolutions tends towards a threshold this influence
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decreases. The threshold is then defined as the scale for which the classification

schemes from two adjacent domains are equally appropriate (Figure 2.13b).

Thus far we have assumed a fixed relationship exists (Figures 2.13a,b - 2.14a,b) between
classes across a hierarchy, e.g., the Anderson land-cover classification (Anderson et al.
1976). The relationship between the four levels of the Anderson land-cover classification
scheme is fixed in terms of the scale of observation: this defines the minimum mapping
scale at which particular classes may be identified (Table 2.1)(Jensen et al. 1983). In reality
this assumption is unlikely, because the relationship between the spatial resolution and the
size, shape and spatial distribution of objects is scene-dependent and, therefore, far more
complex. There may be a complex relationship between the levels in a hierarchy with the

larger classes expected to exist across more than one domain (Figure 2.15).
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Figure 2.14 A fixed hierarchical structure
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Scale becomes coarser

Wheat Barley Pasture Oak Maple Coniferous Bracken  Gorse
Figure 2.15 A complex hierarchical structure

Table 2.1 The minimum mapping scales at which information is mapped in the Anderson land-cover
classification scheme (after Jensen et al. 1983)

Classification Level | Typical Data Characteristics
| Landsat type data
)1 High-altitude data at 12400m or above (<1:80000 scale)
I Medium-altitude data taken between 3100m and 12400m (1:20000
to 1:80000 scale)
v Low-altitude data taken below 3100m (>1:20000 scale)

2.8 Determining the existence of domains of scale

If the hypothesis that domains of scale exist and define the limits to the application of a
given classification scheme is correct, then it is appropriate to try to identify these
domains in remotely sensed images. Ecological theory suggests that as the transition
between two levels in a hierarchical system is approached, the variance increases
(O’Neill et al. 1986). In the context of remotely sensed images it might be imagined
that as the spatial resolution approaches the mean size of the objects within a scene then
the variation in spectral response from pixel-to-pixel will be maximised: at finer spatial
resolutions the variance will decrease because adjacent pixels will increasingly be

sampled within land parcels of the same cover-type; the variance will also decrease at
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coarser spatial resolutions as the mixed pixel effect begins to dominate, so that adjacent
pixels become more similar in terms of spectral response. It is, therefore, important to
identify techniques that can be used to quantify spatial variation in spectral response in
raw images (Section 2.8.1) and the derived thematic maps (Section 2.8.2) to confirm

the existence of, and to locate the boundaries between different domains of scale.

2.8.1 Quantifying scene spatial structure using raw image data

There are many measures that have been used to quantify scene spatial structure, including:
block variance analysis (Greig-Smith 1952, 1979, Mead 1974, Catrlile et al. 1989), trend
surface analysis (Cliff er al. 1975, Ripley 1981), correlograms (Tobler 1970, Cliff and Ord
1973, Carlile et al. 1989, Legrendre and Fortin 1989), spectral analysis (Rayner 1971,
Renshaw and Ford 1983, 1984, O'Neill et al. 1991b), semi-variograms (Woodcock et al.
1988a, Isaaks and Srivastava 1989, Oliver et al. 1989a,b), fractal analysis (Meentemeyer
and Box 1987, Lam 1990), nearest neighbour analysis (Getis and Franklin 1987, Turner et

al. 1991), and variance staircases (O’Neill et al. 1991a). These are summarised in Table 2.2.

It is noted that the studies that quantify spatial structure (e.g., Woodcock and Strahler 1987,
Jupp et al. 1988, 1989, Townshend and Justice 1988, 1990, Justice et al. 1989, Turner 1989,
Gustafson and Parker 1992) tend to identify the most suitable scale of observation for
specific applications. They are not aimed directly at identifying domains of scale. They can,
however, help to develop concepts that may allow workers to determine the existence of
domains of scale, e.g., the local image variance measure (Table 2.2). Two further examples

are given below.
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The concept of self-similarity in fractal models is analogous to domains of scale. If a scene
exhibits self-similarity — i.e., a range of spatial scales for which the spatial statistics remain
constant (Milne 1988, Jones et al. 1991) — this then defines the range of spatial scales across
which the spatial pattern will also remain relatively static. Similarly semi-variogram analysis
is a tool for estimating the most useful range of spatial scales. Because the shape of the semi-
variogram is related to the ground-scene parameters — size, shape and density of scene
objects (Woodcock et al. 1988b) — changes in the scene spatial structure due to changes in
the spatial resolution from fine to coarse are reflected in the changing shape of the semi-
variogram (Jupp et al. 1988, 1989, Ramstein and Raffy 1989). By interpreting a semi-

variogram, the range of spatial scales appropriate for a particular scene may be determined.
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Table 2.2 A summary of some of the common techniques used to quantify spatial structure in satellite image data

Method Equation Commentary Applications/Reference
Spectral y= i o, Cos(k9) + B, Sin(k0) Patterns in spatial data are identified patterns by comparing data to known |Spatial variability of land-cover
Analysis o = ZO Cosdy: waveforms — the series is the sum of many simpler waveforms. Continuous |(Weiler and Stow 1991); study of

B, = A, Cost,; data sets are modelled by a series of sine and cosine elements using a Fourier|forest canopy structure (Renshaw and
A = amplitude; . . . .. .
6 = phase angle; relationship analysis (Rayner 1971). Spectral analysis is suited to the Ford 1983); change detection
6 = frequency; analysis of remote sensing data as all scales of pattern may be detected, the |analysis (Townshend and Justice
k = harmonic number.
function is insensitive to the start position, and anisotropic components can |(1988, 1990).
be described (Renshaw and Ford 1983).
Block o 1 |: ZB‘, (DN D )T Spatial patterns are detected at scales equivalent to block sizes of 2".(Turner (Identifying the spatial pattern of plant
Variance * 2BlA : o et al. 1991). This measure uses quadrats to calculate the percentage of distributions in ecological data (Greig-
Analysis g; 21316;(1 tsa;]fo;umber. scene variance at the 2" spatial scales. The results are difficult to interpret Smith 1979); Extracts information of
because of the sensitivity of this technique to the start position within the spatial patterns in transect data (Weiler
image and scale of variation (Tumer et al. 1991). and Stow 1991).
Nearest- . .k b The scales of variation in landscape pattern are found by examining the Tumer et al. (1991); Getis and
_ ij
Neighbour Li(d)= [AE{ n(n— 1):| separation between pairs of points (Turner et al. 1991). The distance Franklin (1987).
Analysis d = distance; parameter represents the scale at which the pattern is viewed and the

n = number of point pairs;
A = area of region;
k, = boundary weight coefficient.

variation about a point defines the extent of spatial pattern. This measure is
not considered further as theoretically it is not possible to extrapolate the

analysis from point to area (pixel) data (Prof. C. Orton pers. comm.).




Table 2.2 (Continued) A summary of some of the common techniques used to quantify spatial structure in satellite image data

Trend Surface |y, _ i i B, XX! +e Fits multiple regression equations to find broad and fine scale patterns Analysis of geological processes
Analysis - CO‘;;cms (Davis 1986). Where multiple scales of variation exist, however, the (Davis 1986); analysis of housing
X,, X, = map coordinates; separation of variation into broad and fine scales is insufficient sensitive density (Cliff et al. 1975).
&= error function. (Turner et al, 1991),
Spatial Auto- i YY. - 7.7 Analysis of the spatial autocorrelation quantifies pattern by testing if a value |Analysis of classification errors in
correlation r, =S — at location x is dependent on values at different lag distances (Qi and Wu  [thematic maps (Congalton 1988);
Analysis Z{ (Y' B Y) 1996). The degree of self-similarity is described through the covariance analysis of landscape pattern (Qi and
Y, = observation; structure (Ord 1979). This measure is not considered further. Wu (1996).
T = lag distance.
Fractal log( A) =d log( P) This is a method of representing patterns of spatial complexity across a range |Measurement of ice-sheet surfaces
Analysis dA== ;fai?;l dimension; of scales. How processes relate to patterns at specific levels is a result of its  [(Rees 1992); modelling of fire across
P = perimeter. scale-dependency. Fractals quantify scale-dependencies to allow predictions |a landscape (Milne 1991); image
to be made at different levels (Lam 1990), and thus provides a convenient  |resampling (Ramstein and Raffy
representation of the statistical properties of the surface for remotely sensed [1989); roughness measurements in
imagery (Jones et al. 1991). Landsat TM data (Lam 1990).
Local Image . Ix’ S x 2 A simple measure to match classification algorithms to the appropriate scene |Identifies the most appropriate
Variance ° = n—1 B (n(n — 1)] model, i.e., H-resolution and L-resolution. By quantifying various scene classification model for scenes based
Analysis x = values; types, a relationship exists between the mean scene object size and image |to its spatial structure (Woodcock

n = number of samples.

spatial resolution. This is may be equivalent to domains of scale.

and Strahler 1987).
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Table 2.2 (Continued) A summary of some of the common techniques used to quantify spatial structure in satellite image data

Total Image , Yx? Y x)z A standard statistical measure that describes global variation in an statistical analysis (Davis 1986).
c'= - =
Variance n ( n image.
Analysis
Scale X, =u+o+ B,,'*‘ A, Uses fully nested windows to calculate the contribution of variability at |Identifying optimal scales for change
Variance H = grand mean; 2" spatial resolutions to the total scene variance. This measure provides |detection (Townshend and Justice
o = effect of the resolution at %2 the o ) .
image size; similar results to that of spectral analysis, but it is simpler to compute. |1988, 1990).
B = effect of the resolution at Y4 the
image size;
I' = effect of the resolution at the size
of individual pixels.
Variance In (52) =a-In(n) If the sample variance is assumed to be inversely proportional to the sample (Turner et al. (1991); O’Neill et al.
Staircases S? = image variance; size — an image containing randomly distributed pixel (DN) values will (1991a).
a = coefficient; T . L .
n = sample size or area. exhibit a linear relationship with a slope value of -1 in a log-log plot of
resolution vs. variance. In data that exhibit spatial correlation, deviations
from this line define the range of scales across which significant spatial
structure occurs (O'Neill ez al. 1991a).
Semi- ) 1 z",‘[ ) ( h)]2 Semi-variance is a measure of spatial dependency between all points across a|Segmentation/resampling (Ramstein
Yh)=—=2 [z2x)—zlx; + . . . . e . .
Variance 2nZ ' series of increasing lag distances. The scale of variability is described by and Raffy 1989); designing ground
Analysis n = number of samples; relating the semi-variance to spatial separation (Curran 1988). This is sampling regimes (Curran 1988);

z(x) = DN value at point x;
h = lag distance;

calculated by finding the mean semi-variance between all points at each lag

distance. This is represented graphically by a semi-variogram (Davis 1986).

examining measurement error
(Atkinson 1993); analysis of canopy
structure (Cohen et al. 1990).
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Each of the measures noted in Table 2.2 attempt to quantify the spatial variation in
spectral response in remotely sensed images. A functional equivalency may, therefore,
exist between many of these techniques. For example, there is a relationship between
the local image variance and semi-variance — the local image variance is equivalent to
the integral of the regularised semi-variogram across the 3x3 window for which it is
calculated (Jupp et al. 1989). In theoretical terms, equivalency can be described for
other variance-based measures, e.g., scale variance analysis and block variance analysis
(Jupp et al. 1989), spectral analysis and semi-variance analysis (Marcotte 1996), and

fractal analysis and semi-variance analysis (Ramstein and Raffy 1989).

Where studies have shown the results between different measures to correspond, this
simply confirms the theoretical expectations. The quantification of image variance is
presented in different ways: in other words, there is redundancy between the results
obtained using each of these measures. For example, the results from scale variance
analysis and spectral analysis for a variety of scene types, ranging from tropical rain

forests to mixed temperate woodlands are very similar (Townshend and Justice 1990).

Not all studies share the view of functional equivalency. Weiler and Stow (1991) applied
Block variance and Fourier analysis to identify the optimal sensor spatial resolution to
resolve a scene. There is correspondence in the results of both measures at fine spatial
resolutions (<250m), but spectral analysis is considered to be more sensitive to multiple
scales of variation, particularly at coarser spatial resolutions. Similarly, Cullinan and
Thomas (1992) compared spectral, fractal, variance ratio and correlation analyses to
quantify spatial heterogeneity. No one measure proved to be effective at identifying all of
the scales of variation, rather they were found to be complimentary. Moreover, Carpenter

and Chaney (1983) used simulated data of five different spatial patterns types to compare
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four variance-based methods for detecting spatial heterogeneity (scales of variability). The
random-pairing method (a variant of block variance analysis) was deemed more reliable
than hierarchical ANOVA, Two-term local variance (a further variant of block variance

analysis) and spectral analysis. This technique offered the best overall performance.

Given that some of the variance-based techniques are functionally equivalent, one
might ask why is it that the results from the empirical studies mentioned above do not
always reflect this. In theory, a single measure should be sufficient to quantify spatial
structure. In practice, this is rarely the case. We must consider several factors. First, the
assumptions made by each measure about the data, e.g., semi-variance analysis assumes
the data to be both locally stationary and normally distributed, i.e., the intrinsic hypothesis
(Henley 1981). These assumptions may not always be met. Second, it is questionable
whether all of the techniques are sensitive to variations at all spatial scales. For
example, spectral analysis is particularly sensitive to variations at fine spatial scales
(Rayner 1971). Third, the interpretation of results can be difficult and subjective. For
example, modelling the semi-variance data is very much a process of trial and error

(Isaaks and Srivastava 1989).

Given all of the above, we must determine the suitability of each of these measures to
the identification of domains of scale in raw image data. The sensitivity of each
measure to differentiate between scales of variation and the subsequent effect on our
ability to interpret results accurately must also be noted. In short, to assess the most
appropriate method to quantify spatial structure we must establish a basis for the
interpretation. Results from real data must be compared with those from data that
conform to the assumptions for all measures. It is proposed that images of randomly

generated pixel values might be used in this context (Chapter 4).
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2.8.2 Quantifying scene spatial structure using thematic data

The development of many of the techniques used to examine thematic data as a function
of spatial scale has been undertaken in the field of landscape ecology (Nellis and Briggs
1989, O’Neill et al. 1988, Turner et al. 1989a,b, Gustafson and Parker 1992, Wickham
and Riitters 1995). Based on an analysis of thematic maps, it has been suggested that by
identifying the relationship between spatial pattern and spatial scale it is possible to
predict the expected spatial patterns at coarser spatial resolutions and to quantify the
loss of information (Turner et al. 1989c). There have, however, been no systematic
studies that attempt to place these relationships into a framework that takes scale into
consideration. If we can identify trends that correspond with the evidence for domains
of scale from spectral data, we can be more confident that a hierarchy is a suitable

concept to incorporate scaling effects.

To gather evidence for domains of scale, analysing thematic maps may be more suitable
than spectral reflectance as we examine real land-cover classes instead of data that are
indirectly related to classes. We cannot address thematic data in the same fashion as raw
image data so we must examine the image representation of scene objects, i.e., discrete
(multi-pixel) regions (or parcels/patches) of a given land-cover type. The elements we
focus on are those that influence the spatial pattern as a function of scale, i.e., the size
of — and spatial relationships between — class objects (O'Neill et al. 1988, Turner 1989).

Three aspects are investigated:

e the size distribution of class regions;

e changes in the class image proportions; and
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e changes in the landscape heterogeneity as a function of scale.

Each aspect may provide evidence that corresponds to domains of scale. The region size
with respect to the pixel size, will define the coarsest sensor spatial resolution at which
a class will remain distinct. This will indicate the extent of the contribution of class
regions to the mixing of pixels. Examining the trends in class proportions allows us
both to identify the nature of the spatial arrangement of regions and describe the general
behaviour of regions as the spatial resolution changes from fine to coarse. Finally,
landscape ecology indices are tools that quantify various aspects of the spatial pattern.
Critical changes in the spatial pattern that are associated with a threshold between two

domains may be reflected in the trends of one or more indices.

2.8.2.1 Information on region size-distribution

There are no known studies that utilise the region size-distribution to search for
evidence of domains of scale. Intuitively, the region size distribution should be
associated with domains of scale. The region sizes with respect to the sensor spatial
resolution will determine which classes remain distinct. The cumulative frequency
distribution of region sizes can help to reveal both the likely magnitude of mixing of
classes and the spatial resolution at which a given class will be lost, i.e., is no longer
identifiable. For example, in Figure 2.16 the majority of objects in an imaginary scene
for Plot A are unidentifiable at the 100m spatial resolution — the object sizes are
typically smaller than 10000m’ in size. Image data acquired at a sensor spatial
resolution of 1.1km would therefore be dominated by mixed pixels composed of many

classes. In such images, it is unlikely that the classes identified at a finer spatial scale
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would remain distinct. In terms of domains of scale this is expected this to relate to
Figure 2.17a.
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Figure 2.16 The shape of the cumulative frequency graph of region distribution can be indicative of the
possible existence of domains of scale in a scene

By comparison, Plot B (Figure 2.16) describes a very different composition of scene
object sizes in a second imaginary scene. If this scene is sampled at a spatial resolution
of 900m only a small percentage of the objects will be mixed, whilst at a spatial
resolution of 1.1km the majority will be mixed. This scene is, therefore, characterised
by object sizes between 8.1x10°m’ and 1.21x10°m’ in size. In this case, the change of
sensor spatial resolution from <1km to >1km is critical. However, the degree of mixing,
even at 1.1km, would be limited, suggesting that most pixels, despite being mixed,
would tend to be dominated by a single region. Thus at the 1km spatial resolution, the
classes identified at some finer spatial resolution might be retrievable. This is

encapsulated in Figure 2.17b. Finally, Plot C describes a third imaginary scene where

58



the objects are predominately very large. These classes are not expected to be lost until

the sensor spatial resolution is very coarse (Figure 2.17c¢).

‘Appropriateness of class’
.

- Spatial Resolution
Base Resolution

‘Appropriateness of class’

L . Spatial Resolution
Base Resolution
'

‘Appropriatensss of class’
~\

| S Spatial Resolution
Base Resolution

Figure 2.17 Each plot represents how appropriate it is to sample scenes with different spatial structures
at the 100m spatial resolution. Three scenarios are described: (a) the pixel size is equivalent to the
dominant scene object size. It is, therefore, the optimum spatial resolution at which to sample this
scene, both in terms of the data volume and the spatial information — this is associated with Figure

2.16a; (b) the pixel size is smaller than the scene object sizes. The pixel can increase in size before the

classes become lost — this is associated with Figure 2.16b; (c) the pixel size is very much smaller than
the scene object sizes. It is only at very coarse spatial resolution that classes are lost — this is associated
with Figure 2.16¢

2.8.3 Spatial behaviour

The studies that examine the spatial behaviour of regions and their effect on the spatial
pattern of land-cover focus on the trends in the changes in the proportions of the image
assigned to each class as a function of the sensor spatial resolution (Turner et al. 1989c,
Moody and Woodcock 1994). It has been shown that class regions behave in a
predictable fashion as thematic data are degraded from fine to coarse spatial resolutions

(Turner et al. 1989¢). The main characteristics of this behaviour are as follows:

1. A class occupying more than 50% of an image will eventually dominate the

entire scene as the data are degraded to coarser spatial resolutions;
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2.  Highly fragmented classes will be lost more rapidly than ‘clumped’ classes;

3.  Large regions will absorb smaller surrounding regions and hence grow in size;
4.  The spatial arrangement, size and shape of the regions will determine the rate
at which a class will be lost due to spatial degradation of the image; and
5.  Classes characterised by small/medium sized patches will firstly grow, then

decrease as the spatial resolution becomes greater than the mean region size.

(Turner et al. 1989c, Moody and Woodcock 1994)

Turner et al. (1989¢c) suggests that as these patterns of behaviour are predictable, to
translate information from fine scale to coarse it is only necessary to define the grain
(spatial resolution) and the extent (map dimensions). However, if the spatial pattern at
some coarse spatial resolution can be predicted from a map generated at some finer
spatial resolution, the implicit assumption is that the same classes can be identified at
both scales. There are no means by which new classes can be viewed, particularly at the

coarser spatial resolutions. The possible existence of domains of scale is ignored.

Rather than suggesting the trends in class proportions can help us to obviate the effects
of scale, Moody and Woodcock (1994) showed that they provide evidence of the scaled
nature of the scene. If a map is composed of regions much larger than the pixel size,
when degrading data to relatively coarser spatial resolution the classes will exhibit low
estimation errors — a high degree of spatial auto-correlation. There is, therefore, a high
probability that adjacent pixels must have the same class label, which is indicative of
the fact that the pixel size is smaller than the mean region size in a map. The range of

spatial scales for which classes are adequately resolved, can then be delimited.
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If evidence of domains of scale can be found from the region size distribution, then it
should also be present in the class proportions. The analysis of class proportions is more
sophisticated than the region size distribution, as both the shape and the spatial
arrangement of objects are taken into account. Classes composed of long, thin objects
will behave differently from those made up of more compact objects. Likewise, the

spatial juxtaposition of class objects will be important.

2.8.4 Landscape ecology indices

Quantifying the scene spatial structure is a primary focus for landscape ecologists
(Turner 1990). The measures that they have developed to examine data, particularly
thematic data, have been adapted from various disciplines including remote sensing
(e.g., texture based indices (Nellis and Briggs 1989)), information theory (e.g., diversity
— a measure of the number land-cover types located within a thematic map — and
contagion — a measure of the tendency of pixels of one class to be adjacent to one
another thus forming ‘clumps’ or regions — (O’Neill et al. 1988, Turner et al. 1989c, Li
and Reynolds 1993)), shape/fractal based indices (Milne 1988, Iverson et al. 1989), area
and edge metrics (Forman and Godron 1986, McGarigal and Marks 1994) and
proximity and nearest-neighbour measures (Getis and Franklin 1987, Turner et al.

1991).

Landscape ecology indices provide a means to measure aspects of the spatial pattern of
land-cover concisely (O’Neill et al. 1988). They have been applied by many workers to
quantify changes in landscape pattern and to relate results to the dominant ecological
processes (Turner 1990, Hulshoff 1995, Riitters et al. 1995). For example, indices such

as diversity and contagion have been used to quantify the nature of the change in the
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landscape of an area in Georgia, USA over a 50 year period (Turner and Ruscher 1988).
The trends in the indices through time were indicative of changes in the nature of the
vegetation as previously cropped areas were increasingly abandoned (Turner and
Ruscher 1988). Landscape ecology indices have also been shown to be scale dependent.
For example, ‘contagion’ is sensitive to fine scale variability, while ‘dominance’ and
‘fractal dimension’ reflect the broader scale features (O’Neill et al. 1988). These
indices are effective in characterising landscape pattern across more than one spatial

scale.

As landscape ecology indices are sensitive to changes in the spatial pattern of land-
cover, we would expect that when a threshold between two domains of scale is crossed
this will be reflected in a significant change in the value of one or more of these indices.
Thus, landscape ecology indices provide an alternative means by which evidence for the
existence of domains of scale may be derived, and hence add to the evidence from the

analysis of the raw image data.

2.9 Alternative approaches dealing with changes of spatial scale

Although this thesis focuses on whether classes defined at a fine spatial scale can be
identified at coarser spatial resolutions based on the amount of spatial and spectral
information in a scene, an alternative approach would be to apply top-down techniques
— e.g., mixture modelling (Quarmby 1992, Quarmby et al. 1992, Foody and Cox 1994),
and fuzzy classification (Wang 1990, Foody 1996) — that attempt to estimate
proportions at the sub-pixel level. Top-down methods use coarse spatial resolution data

to infer the composition of pixels at some fine spatial resolution.
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2.9.1 Linear mixture modelling

Linear mixture modelling (LMM) is a method for extracting sub-pixel information
(Foody and Cox 1994). The LMM approached has been applied to a number of areas,
including: estimating the areal coverage of land-cover classes, such as tropical forest
and crop types (e.g., wheat, cotton, rice and maize), from coarse spatial resolution
imagery (Cross et al. (1991), Quarmby (1992), Quarmby et al. (1992)); estimating the
reflectance to retrieve temporal and spatial variability of landscape components from
mixed pixels (Ouaidrari et al. 1996); mapping mineral deposits (Bryant 1996); and

deriving ecological parameters, such as vegetation density (Drake 1991).

The model is trained by locating end-member spectra, i.e., pure class pixels. The end-
member spectra are used as the inputs to simultaneous equations to solve for the

unknown proportions, i.e.,

x=fim, + fm, + fmy + fm,+..+f,m, 2.1

(Settle and Drake 1993),

where x is the pixel radiance value, composed of a series of proportions f, where f has
an associated reflectance value, m, for each class. One equation is defined for each
image band. To solve for f, there can be no more than n+1 cover types, i.e., the number

of sub-pixel components is one more than the total number of image bands (Settle and

Drake 1993).
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There are several assumptions made by the model regarding the data. First, the sub-
pixel components mix linearly (Drake 1991). Second, end-members must be found in
the image, i.e., all classes can be located at the image spatial resolution. LMM is
therefore not suited to highly fragmented scenes (Settle and Drake 1993). Third,
changes in the spectral reflectance are due only to changes in the relative proportions of
the sub-pixel components rather than topographic or geometric influences (Harrison et
al. 1991). Fourth, all sub-pixel components are known (White and Drake 1993), i.e., the

optimum number of land-cover types have been identified.

2.9.2 Fuzzy classification

The majority of image classification algorithms are hard classifiers, because the final
classified image contain only one class label per pixel (Key et al. 1989). This is a
problem when attempting to classify images that contain many mixed pixels. Mixed
pixels may be assigned a class label that is not representative of the sub-pixel elements
and as a consequence the final classified map may not depict the landscape adequately
(Foody 1996). An alternative is to soften the output from a hard classifier such that
information on the strength of class membership can be used. This may offer a means to
generate a more appropriate representation of the classes on the ground, particularly in
highly heterogeneous regions (Maselli et al. 1996). The softened classified output is

termed a fuzzy classification (Wang 1990).

There are several fuzzy-algorithms including a modified maximum likelihood classifier
(Maselli et al. 1996), a softened artificial neural network and discriminant analysis
(Foody 1996). The most common classifier is the fuzzy c-means classifier (FCM)

(Bezdek et al. 1984). The FCM model is,
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M= {U:uike[O,l];ZMik >0,i=1,...,6; ) Uy =Lk = ln} (2.2)
k=1 i=1

where U is a fuzzy c-partition of ¢ clusters and n observations. u, is an element of U
and it is the fuzzy membership function that represents the membership of observation

X, in the i" fuzzy group. Each x, is a vector representing the number of input bands.

A fuzzy classifier is sensitive to the complex nature of classes in a landscape. The
accuracy tends to be greater than that achieved with a traditional (hard) spectral
classifier (Palubinskas et al. 1995). The classified image also exhibits a more
appropriate spatial distribution because of its greater ability to discriminate differences
between spectrally similar, but physically different classes (Key et al. 1989, Foody

1992).

If class membership values are proportional to the sub-pixel components the relative
contributions from each classes may be determined. Foody and Cox (1994) compared
the sub-pixel land-cover estimates for both an ATM sub-scene of Swansea and a
Landsat MSS sub-scene of tropical forest in Ghana, using both the FCM algorithm and
a linear mixture model. The results from fuzzy clustering noted a strong correlation
between class membership values and sub-pixel components. More accurate estimates
of forest extent, compared to a hard classifier, were possible. Maselli et al. (1996)
reported a similar relationship for a complex TM scene of the Sieve river basin in
central Italy. The results produced a better depiction of the landscape than was possible
with a maximum-likelihood classifier due to better characterization of the mixed pixels

in the scene.
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2.10 Conclusions

Scale is an important issue in the production of land-cover maps from remote sensing
data. The scale at which data are sampled will effectively determine the nature of land-
cover classes that can be identified, based on the available spatial and spectral
information. To produce accurate land-cover maps, classes that are appropriate to the
scale of the data rather than human expectations must be defined. The effects of scale

must be placed in an appropriate framework.

It has been postulated that the concept of domains of scale derived from landscape
ecology theory is analogous to hierarchical concepts (e.g., scales of perception) found
in the remote sensing literature. Within each domain it is hypothesised that a single
classification scheme will be sufficient to characterise the spatial pattern on the ground.
If this is true then there is a suitable structure within which the appropriate number and
nature of the land-cover classes can be defined for any scene at all possible spatial

resolutions.

To establish whether of domains of scale can be identified from satellite remote sensing
imagery, suitable evidence must be found. Potential techniques to provide this evidence
based on an analysis of both raw image data (spectral information) and thematic data
(spatial information) have been discussed. In Chapters 4 and 5, a series of experiments
is performed using these techniques to examine evidence for domains of scale in
remotely sensed images of three contrasting areas. Further evidence for domains of

scale can be found by attempting to identify the number and nature of the classes
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expected in each domain. In Chapter 6, we develop a new technique, based on
clustering thematic data in class proportion space, for determining the number and

nature of land-cover classes that can be expected at some coarser spatial resolutions.
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3. Study areas, Data sets and Data Pre-processing

3.1 Description of Study Areas

This study is based on an analysis of data for three contrasting geographical areas,
namely SW Niger, N Norfolk and NW England. These areas were selected because they
exhibit differences, visually in the spatial pattern of land-cover. It is expected that the
contrast between these study areas will be reflected in the results from the analyses of

the raw image data and the thematic data. Each area is described more fully below.

3.1.1 SW Niger

The SW Niger study area is located south of the capital Niamey (13.32N, 20.5E),
situated along the River Niger (Figure 3.1). The area is situated in the Sahelian region
of West Africa. It is characterized by low annual rainfall that is linked with the shifts in
the Inter Tropical Convergence Zone and high evapotranspiration rates (Prince et al.
1995). The mean annual rainfall at Niamey is 560mm (Lebel et al. 1992), but this is
highly variable, both spatially and temporally (Prince ef al. 1995). The region is typical
of the semi-arid/arid climate of the Sahel. The study area is dominated by plateaux and
valleys. The top soil layers tend to be dominated by lateritic soils, hence the red surface
colour (Prof. A. Warren, pers. comm.), with vegetation distributed sparsely across it.
The dominant natural vegetation type tends to be Tiger Bush (White 1971); this is so-
called as the vegetation forms stripes similar to a tiger’s pelt when viewed from the air.

Much of the region is also cover by large aeolian sand deposits, particularly on the
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plateaux. Along the river valley, much of the area is given over to agricultural crops

such as rice and many varieties of millet (Prince et al. 1995).

3.1.2 N Norfolk

The area of interest is centred between Peterborough (52.35N, 0.15W) and Wisbech
(52.40N, 0.10W), England (Figure 3.2). This region is dominated by the Fenlands,
located on the borders of Lincolnshire, Cambridgeshire and Norfolk, which cover the
vast majority of the image. The Fenlands are flat, very low-lying (<20m) regions
surrounding the Wash. In many areas the land is below sea level. Originally the Fens
were marsh land that were reclaimed during the 17th century (Munro 1988). It is the
remnants of a larger bay of the North Sea that became increasingly silted up. As a
consequence, post-reclamation, the lands are very fertile, covered with large alluvial
deposits, e.g., esturine silts, marine clays and peats (Whitton 1992). Agriculture,
particularly market gardening, fruit and vegetable production, cattle grazing and arable
crops dominate the region (Munro 1988). The climate of the region is cool temperate,
with a mean annual temperature of 9.6°C. Because of its situation towards the east of

England, the annual rainfall is amongst the lowest in the UK at ~550mm.

3.1.3 NW England

The NW England scene is centred near Hyde (53.27N, 2.05W), east of Manchester,
England (Figure 3.3). The region is characterised by a mix of different cover types. To
the west are the Pennines, a hilly region formed by an anticlinal fold of carboniferous
limestone and overlying grit that has been worn down into high moorland during the

last glacial period (Whitton 1992). This region is dominated by rough grasses, sheep
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The thematic maps have been taken from other studies that have previously classified
the areas of interest (Section 3.2.3). The data for the SW Niger scene has been
previously produced for the HAPEX-Sahel project (Prince et al. 1995), whilst the data
for the two UK sites is taken from the Institute of Terrestrial Ecology’s (ITE) digital
Land Cover Map (LCM) of Great Britain (Fuller et al. 1994). The data from these
sources are used because it is felt that they provide a more consistent and more
comprehensive description of the land-cover classes within the study areas than I could
have produced through field work. As a consequence the classification accuracy would

be at least as good, if not better than I could possibly produce.

3.2.1 Raw image data

The analysis of the raw image data is performed on Landsat TM images for each study
area. Landsat TM image data are used because it is both widely available and possible
to locate imagery for the dates on which the thematic maps were generated for the
majority of the study areas (except for the NW England scene). This generally
precludes the possibility that the information in the raw image data do not correspond to
the land-cover classes identified in the thematic maps. A summary of the description of
the Landsat TM data used in this thesis is given in Table 3.1. The raw image data are

warped to conform to the local (i.e., national) mapping co-ordinate system (Section

3.2.3).
Table 3.1 Information on the Landsat TM data used in this thesis
Study Area Sensor Date Path/Row | Available bands
SW Niger Landsat TM-4 | 25/9/1992 | 193/051 1,2,3,4,5and 7
N Norfolk Landsat TM-5 | 12/6/1994 | 201/023 1,2,3,4,5and 7
NW England Landsat TM-5 | 26/4/1984 | 203/023 1,2,3,4and 5
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3.2.2 Geometric correction of raw image data

In each of the Landsat TM scenes a series of common tie-points were identified across
the images. Five, seven and eight tie-points are associated with overall image
registration errors of the order of 0.64, 0.58 and 0.61 pixels, for the SW Niger, N
Norfolk, and NW England scenes, respectively. Image registration was performed using
an affine transformation and nearest neighbour resampling. Nearest neighbour is used,
as it is felt that bi-linear and cubic spline interpolation unduly smooth the data. The
geometrically corrected data were resampled to 20m for the SW Niger (Figure 3.1)
scene, and 25m for both the N Norfolk (Figure 3.2) and the NW England (Figure 3.3)
scenes. For each scene this corresponds to the spatial resolution of the appropriate

thematic map (Section. 3.2.3).

3.2.3 Thematic maps

This section describes the generation of the thematic maps. Since the techniques were
performed outside the purview of this thesis, they are described here as part of the data
pre-processing. For each study area it is assumed that the thematic maps are 100%
accurate both in terms of the number and nature of classes that have been identified as

well as the spatial distribution of the class objects.
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3.2.3.1 Thematic map generated from SPOT image map

The map for SW Niger (Figure 3.4) was generated from six SPOT Haute Resolution
Visible (HRV) 2 XS, 20m spatial resolution, multi-spectral images for the 25th
September, 1992 for use in the HAPEX-Sahel project (D’Herbes and Valentin 1997). In
total, sixteen land-cover types (Table 3.2) are identified and classified using a standard
maximum-likelihood classifier. The taxonomy is based on landform, vegetation soil
crust type and land use (Table 3.2). The overall reported classification accuracy is
93.8%. There are three versions of the map, composed of sixteen, nine and six classes.
The simplified maps were produced by grouping together logically connected classes,
e.g., the four millet classes (DN values between 12 and 15) are combined to form a
millet super-class. As the spectral separability in the TM data between some of the
cover types (e.g., Tiger Bush with trees, and Tiger Bush alone) was often low, the map
containing the fewest classes (six) (Table 3.2) is used throughout this thesis. The
Landsat TM data are resampled to the same spatial resolution as the SPOT image map,

i.e., 20m.

One point to note is that the class names used in this thesis are based on both a literal
translation of the 16- and 6- class legends map and local knowledge of the nature of the
land-cover with the region, rather than those described by D’Herbes and Valentin
(1997). Although there are discrepancies between these definitions, they are consistent
with the associated DN values. It is only because this was discovered as the thesis was

about to be completed that the class labels have not been altered.
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Table 3.2 The SPOT reference map: the legend for the 16-class and 6-class classifications

DN | Class description DN Class

1 [ Dense vegetation bushes and woodland 1 Tiger bush

2 | Light vegetation bushes i i ”

3 | Bare soil 2 Bare soil

4 | Flat secondary hardened crust with bushy steppe’ | 5 Pasture
(very open/clear)

5 | High slopes with bushy steppe” (very open/clear) i o

6 | Aeolian deposits with bushy savannah (dense) 3 Sandy deposits

7 | Sand dunes with bushy savannah (quite dense) i i i

8 | Aeolian deposits with bushy savannah (quite clear) i i ”

9 | Aeolian deposits with grass height > 25cm. i i ”

10 | Aeolian deposits with grass height <25cm. ” ” ”

11 | Aeolian deposits with dense grass i ” i

12 | Aeolian deposits with millet 4 Crop

13 | Aeolian Deposits with millet/niebe g "

14 | low-lying alluvial soil; millet (quite dense); very few | ” "
weeds.

15 | low-lying alluvial soil; millet and grass for cereals i i

16 | Free flowing water 6 Open water

*Steppe = dry, grassy, generally treeless, uncultivated.
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1996). In total, seventeen land-cover classes or 25 ‘target’ cover types are identified
(Table 3.3) (Fuller et al. 1994). Image classification was performed using a fast,
supervised, maximum likelihood classifier. Owing to the large spatial extent of the
classified image, mis-classification problems are bound to exist. The overall
classification accuracy was improved by applying post-classification contextual
correction procedures (Groom et al. 1996), i.e., snow/cloud/cloud shadow masking,
coastal masking, upland masking, urban/suburban masking, and filtering of isolated
pixels. Once each image area was classified, the data were registered and resampled to
British National Grid co-ordinates, at a spatial resolution of 25m. Overall, the

classification accuracy is reported to be between 67% and 89% (Fuller et al. 1994).

Table 3.3 The ITE Land Cover Map, land-cover and target classes

DN | Land Cover Category (17 classes) DN | Target Classes (25 classes)
1 | Sea/Estuary 1 Sea/Estuary
2 | Inland Water 2 Inland Water
3 | Beach/Mudflats/Cliffs 3 Beach and Coastal Bare
4 | Saltmarsh 4 Saltmarsh
5 | Rough Pasture/Dune Grass/Grass Moor | 5 Grass Heath
” ” ” ” ” ” 9 Moorland Grass
6 | Pasture/Meadow/Amenity Grass 6 Mown/Grazed Turf
i i " i i 7 Meadow/Verge/Semi-natural
7 | Marsh/Rough Grass 19 | Ruderal Weed
” ” ” 23 | Felled Forest
i i i 8 Rough/Marsh Grass
8 | Grass Shrub Heath 25 | Open Shrub Heath
i i i 10 | Open Shrub Moor
9 | Shrub Heath 13 | Dense Shrub Heath
” ” ” 11 | Dense Shrub Moor
10 | Bracken 12 | Bracken
11 | Deciduous/Mixed Wood 14 | Scrub/Orchard
” ” ” ” 15 | Deciduous Woodland
12 | Coniferous/Evergreen Woodland 16 | Coniferous Woodland
13 | Bog (Herbaceous) 24 | Lowland Bog
i i i 17 | Upland Bog
14 | Tilled (Arable Crops) 18 | Tilled Land
15 | Suburban/Rural Development 20 | Suburban/Rural Development
16 | Urban Development 21 | Continuous Urban
17 | Inland Bare Ground 22 | Inland Bare Ground
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3.3 Classification of Landsat TM data

In Chapter 6 there is a requirement to have both the raw image data for each scene and
a thematic map produced directly from these data. Consequently, a standard supervised
maximum likelihood classification is applied the Landsat TM data for each of the study
areas. For both the SW Niger and the N Norfolk scenes, all bands except for the thermal
infra-red channel (Band 6) were used. For the NW England scene, however, the data for
band 7 (middle infra-red channel) were unavailable, so only five bands were used.
Training areas were selected for six, eighteen, and sixteen classes were identified SW
Niger, NW England and N Norfolk scenes, respectively. These classes were defined to

be similar to those identified in the thematic maps described in Section 3.2.2.

It is noted that for the N Norfolk scene, three of the classes in the ITE-LCM, i.e.,
Bracken, Dense Shrub Heath and Felled Forest, are not classified because they are small
and highly dispersed. One other problem that arose during training is the definition of
Tilled Land in the ITE-LCM, which covers more than 70% of the area in N Norfolk.
Rather than differentiating between individual crop types known to exist in this region,
e.g., wheat, potatoes, sugar beet, and peas (Munro 1988), they are amalgamated under a
single label. As a result Tilled Land for this region is divided into eleven sub-classes,
where separability is based on a transformed divergence matrix (Mather 1987). For
each cover type, in each scene a large number of training and testing pixels were
located from the reference maps. The classification accuracy and kappa coefficient are
noted in Table 3.4. The three classified TM scenes are shown in Figures 3.7, 3.8 and

3.9, for the SW Niger, N Norfolk and NW England scenes, respectively.
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4. A Comparative Analysis of Various Methods for
Quantifying Landscape Heterogeneity as a function of

Spatial Scale

4.1 Aims and introduction

In Chapter 2, it was noted that the influence of specific environmental/climatic
processes changes with scale (Meentemeyer and Box 1987, Wiens 1989). The spatial
pattern of the land cover, as the manifestation of these processes, will also scale
spatially. Identifying suitable cover types that are indicative of the nature of the scene in
digital remotely sensed images acquired at any given spatial resolution is dependent on
the available spatial and spectral information. The classes associated with a given
taxonomy may be relevant at a single scale or across a range of scales. It is therefore
important to analyse the raw imagery to determine whether domains of scale (Wiens
1989) exist within which a single taxonomy is sufficient to characterise a scene across a

range of spatial resolutions.

This chapter focuses on measures used to quantify spatial pattern and spatial structure in
the raw, i.e., unclassified remotely-sensed images. The aim is to determine whether
there are one or more domains of scale present in each of the three study areas
examined, such that each requires a different classification scheme. By applying
analysis to the raw data, we make no assumptions regarding the expected number and

nature of classes. The techniques applied in this chapter are based on various measures
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of image variance, notably local image variance, total image variance, the semi-
variogram, scale variance and spectral analysis. The technical and the theoretical basis
for these measures was summarised in Chapter 2. They have been selected to give a
broad representation of the types of measure used to quantify spatial variability in
remotely sensed images. Although some of these measure are functionally equivalent,
comparing the sensitivity of each allows us to determine with greater confidence the

existence and location of the dominant scales of variation (and hence domains of scale).

The overall aim is to determine if, in applying quantitative methods to raw image data, the
results display behaviour that is consistent with the existence of domains of scale. Although
no one measure is designed expressly to locate domains of scale, it is hypothesised that
the spatial patterns (and hence statistical variance) of reflected radiance will be
indicative of these domains and that by using a number of different methods we can
more confidently point to the scale(s) at which the critical threshold(s) between

domains may be located. More specifically we examine three broad hypotheses:

The analysis of the spatial structure of satellite data using measures based on
statistical variance provides evidence for the existence of domains of scale.
H,:  The presence of domains of scale can be confirmed where the results from
more than one technique exhibits critical changes in their behaviour, e.g.,
peaks or troughs that occur at or near the same spatial scale.

Spectral analysis identifies domains of scale more readily than the other

measures because it is sensitive to variation across all spatial scales.
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4.2 Method

Each measure is applied to the individual TM bands (excluding the thermal infrared band,
TM 6), for the three test scenes. The images are progressively degraded spatially using a
mean filter to simulate images of the same scene acquired at a number of coarser spatial
resolutions. It is recognised that passing a simple convolution kernel such as this over the
image does not accurately simulate the data that would be acquired by a specific coarser
resolution sensor (e.g., NOAA-AVHRR). This would require knowledge of, among other
things the sensors Point Spread Function (PSF). The method does, however, give a
reasonable indication of the form of the relationship between image (scene) variance and
sensor spatial resolution (spatial scale). If anything, we note that, by not taking the true
sensor PSF into account, the method is likely to underestimate slightly the reduction in
image variance as the sensor spatial resolution is degraded. This is because the method does
not account for the degree of spatial autocorrelation between pixel values that result from the
PSF. On the other hand, the spatial smoothing produced by the convolution kernel
reduces/eliminates the initial component of spatial variation due to sensor noise and we have
not added this back into the coarse resolution data — this will tend to result in a slight
overestimation of the reduction in image variance at coarser spatial resolutions. It is believed

that these two processes will largely cancel each other out.

4.2.1 Techniques for quantifying spatial structure in raw image data

Each of the measures noted in Section 4.1 (and discussed more fully in Chapter 2) is applied
to the original and degraded data and the results plotted. As each scene exhibits rather
different spatial patterns of land cover, it is expected that this will be reflected in the results.

On the other hand, if critical patterns of behaviour correspond between the different
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measures for a given scene, we can be more confident that the observed trends reflect real

changes in scene structure as a function of spatial scale.

The total image variance (Table 2.2, p52) is simply the statistical variance in each spectral
band. This is recalculated at each degraded spatial resolution. The population variance
equation is calculated (Davis 1986). The total image variance values are also normalised
relative to that for a random image (i.e., no dominant scale of variation) with the same mean

and standard deviation as the original (i.e., undegraded) image bands for each site.

Local image variance (Table 2.2, p52) has been used to locate the optimal spatial resolution
at which a scene should be sampled (Woodcock and Strahler 1987). By calculating the mean
sample variance of an image within a 3x3 kernel, finding the global mean of this variance,
and plotting this against the spatial resolution, Woodcock and Strahler (1987) suggest that
the optimal scale is defined by the peak in image variance. The peak in the variance tends to
occur at a spatial resolution between 0.5 and 0.75 of the mean object size (Woodcock and
Strahler 1987). Appendix A describes the program, 1var, used to calculate the local image
variance. Following the discussion in Chapter 2, we expect that the peak (or peaks) in

variance identified using this technique will define the thresholds between domains of scale.

Semi-variance (Table 2.2, p52) is a geostatistical tool used to define the relationship
between observations on a given variable as a function of their spatial separation. It provides
an unbiased description of the scale and pattern of variability (MacDonald and Carr 1989).

The semi-variance between two points, separated by a distance h (known as the lag), is a
measure of spatial dependency across h. The relationship is calculated over a series of lags

for all points, in all directions. This is shown graphically as a semi-variogram (Figure
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4.1)(Davis 1986). The semi-variogram is often referred to simply as the variogram (Isaaks

and Srivastava 1989). This convention will be adopted henceforth.

For each scene, omni-directional variograms are calculated. Omni-directional variograms
are useful as they generally contain many more samples than their directional counterparts,
so they are more likely to exhibit a clearer spatial structure (Isaaks and Srivastava 1989).
Typically, the omni-directional variogram is the starting point for spatial analysis, because
anisotropic effects are ignored, i.e., the variogram is dependent only on the lag distance
(Isaaks and Srivastava 1989). Appendix A describes the program, semiv, that is used to

calculate the semi-variance.
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Figure 4.1 An example of a variogram where the range denotes maximum scale of variability

We can make inferences as to the nature of the spatial structure in an image by describing
the characteristics of the variograms. For example, the range distance defines the maximum

distance for which spatial dependency (or auto-correlation) exists in the image — it is
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typically related to the size of the largest scene object (Woodcock et al. 1988b). To quantify
the variogram characteristics, we model the experimental data by fitting models of known
shape (Curran 1988, Isaaks and Srivastava 1989). Some examples of common variogram

models are given in Table 4.1. Appendix A describes the model fitting program, £itMe.

Table 4.1 Models commonly used to represent an experimental variogram.

Model Type Equation Limits
nugget G n/a
Linear yY(h)=Ch h>0

Gaussian 2
Y(h)=C,q1-exp 7 h>0

1

Exponential A
Y(h)=C, 1-exp| — h>0

Spherical 3 K

'Y(h): 1 2_a_2a3 h<a
Spherical v(h)=C, h>a
Power v(h) = Clh’* 0<A<2

(h is the lag distance, C,, C, and A are coefficients, A, is a distance parameter related to the effective range, a)

It is noted that for the exponential and Gaussian models, technically there is no range
distance as the sill is never reached: in practical terms it is defined by a = 3A, (Woodcock
et al. 1988b). C, is the nugget term that attempts to model the discontinuity at the origin, i.e.,
the sharp increase in semi-variance up to lag 1. The nugget effect can be used to model the
‘noise’ in data as it tends to be a function of fine-scale variability and sampling errors
(Isaaks and Srivastava 1989). The process by which the model fitting is performed is based

on Powell’s method (Appendix B) for function minimization.

When modelling, we are not restricted to these common models. More complex data can be
modelled using a combination of more than one model, e.g., linear and exponential. There

are, however, some issues we must consider. For example, because it is possible to minimise
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the residual sum of squares (RSS) by simply increasing the model complexity, there must be
some objective criteria to select the most suitable combination of models. To characterise
spatial variation effectively, this tends to be a compromise between goodness-of-fit and
model simplicity (McBratney and Webster 1986). As an alternative to the RSS, the Akaike
Information Criterion (AIC) is often applied in the field of geostatistics (McBratney and
Webster 1986). It is biased towards the selection of the simplest model or combination of

models (Oliver et al. 1989a). The AIC is defined as,

A=-2In(ML)+2p @.1)

where ML is the maximum likelihood probability of a particular model (or models) being

selected. In practical terms it is estimated by

A =nln(RSS)+2p 4.2)

where n is the number of lag distances and p is the number of model parameters (McBratney
and Webster 1986). Model selection is based on minimizing the AIC (Oliver et al. 1989a).
Thus, for two models with similar RSS values, where one is a simple model (e.g.,
exponential) and the other is a combined model (e.g., spherical and linear), the AIC will be

smaller for the simple model — in other words the simple model is selected each time.

There are several disadvantages to using variograms. They are based on parametric statistics,
so strict assumptions are made about the data, i.e., the data are normally distributed and
exhibit first- (mean) and second- (variance) order stationarity (Henley 1981). Although these

assumptions are rarely met in nature, geostatistical analysis assumes that the data need only
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