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a b s t r a c t
Accurate measurements of biophysical parameters are essential for understanding the distribution and
dynamics of global vegetation, which exerts an inﬂuence on the carbon cycle and atmospheric circulation.
Spaceborne, large footprint lidar has been shown to be a valuable tool. It is capable of measuring denser
forests than other existing remote methods.
However large-footprint lidar struggles to separate ground and canopy signals over topography and in
the presence of short vegetation. This prevents the physically-based measurement of forest properties
(such as canopy height and cover) at an acceptable accuracy (sub 10 m root mean square error for height)
without the use of external data. The necessary external datasets are not yet available at a global scale at
high accuracy.
In this paper the issues of measuring forests with large-footprint, monochromatic lidar are presented.
A number of subtle effects, such as shadows beneath crowns, can hamper the reliable measurement
of forests. It is proposed that a dual wavelength lidar will allow the separation of canopy from ground
returns in these situations and so allow the physically-based measurement of forests.
An initial algorithm is developed and tested with Monte-Carlo ray tracer simulations as a proof of
concept. Some reﬁnements are needed to make the method more robust, but the initial form was found
to determine the start of the ground return over steep slopes and a range of forest densities, canopy
heights and vertical structures with a root mean square error (RMSE) of 2.7 m and mean bias of 67 cm for
canopies with covers below 99%. This resulted in canopy height RMSE of 2.88 m with a bias of −23 cm. Such
a system will allow measurement of a much broader range of forests than is possible with monochromatic
lidar and could form a second generation spaceborne lidar mission.
© 2012 Elsevier B.V. All rights reserved.

1. Introduction
Ecological models require accurate biophysical parameters
of vegetation on a global scale to ensure realistic representations of growth and atmospheric interactions (Hurtt et al.,
2004; Clark et al., 2011). Biomass, leaf area index (LAI) and
tree height are some of the most important biophysical parameters (Williams, 1996) whilst satellites are the only way to
achieve globally consistent data-sets and allow the temporal resolution necessary for environmental modelling and monitoring
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schemes. Currently there is some disagreement on the biomass
contained within forests and the spatial distribution of that
biomass (Houghton et al., 2001) due to the sparsity of ﬁeld data,
saturation of remote passive optical and radar measurements
(Myneni et al., 2002; Waring et al., 1995).
It has been shown that lidar offers a number of advantages over
remote passive optical and radar measurements. In particular they
have been shown to be capable of measuring far denser canopies
(Hofton et al., 2002). In addition, lidar’s range resolved nature
allows direct measurement of variables, such as canopy height and
vertical element distribution, impossible to capture directly with
other remote sensing instruments. This avoids some of the methodological issues of other approaches (Dubayah and Drake, 2005).
Such direct measures can be ingested into models and so help make
errors more tractable (Hurtt et al., 2004). This would greatly help
our understanding of the world’s forests and its interaction with
the carbon cycle and atmospheric circulation (Lefsky, 2010).

124

S. Hancock et al. / Agricultural and Forest Meteorology 161 (2012) 123–133

Fig. 1. Simulated 30 m footprint lidar waveform over a forest with features marked.

1.1. Forests and spaceborne lidar
Physically-based measurements with lidar rely on the ground
and canopy returns being identiﬁable. Fig. 1 illustrates a simple
case in which there is a clear gap in the waveform between the
ground and canopy. There need not be a clear gap, but there must
be some identiﬁable feature to allow a separation. Most previous
studies have decomposed the waveform into Gaussians and used
these to determine the ground position; either the last Gaussian
(lowest elevation), the brightest of the last two (Brenner et al., 2003;
Hofton et al., 2000; Chen, 2010) or the average position of the last
two (Rosette et al., 2010).
This requires that there be a clear point of inﬂection between the
ground and canopy returns in order to ﬁt a separate function to the
canopy and ground. Topography and low lying vegetation (either
understory or canopy elements) can complicate this. Fig. 2 shows an
example over steep (30◦ slope) topography. There is no clear feature
to allow separation by function ﬁtting and so Gaussian decomposition is unlikely to produce accurate results. This increased error
is reported in the literature (Harding and Carabajal, 2005; Lefsky
et al., 2007; Los et al., 2011).
In some canopies there may be a feature separating the higher
canopy returns from the ground, but the “ground” return may
still contain signal from low lying vegetation, as in Fig. 3. Gaussian decomposition will not always be able to separate this low
vegetation from the ground. This low lying vegetation can form
a signiﬁcant part of a biome’s photosynthetically active material
(Chen and Cihlar, 1996) and should not be ignored.

A more subtle effect can be caused by shadows. In forests,
canopy elements are clumped into tree crowns, branches and
shoots. These will cast discrete shadows in the laser footprint,
reducing the intensity of the ground return directly beneath a
crown. On sloping ground these shadows will be at a certain range
in the waveform and so the ground return intensity will be reduced
at certain ranges, as illustrated in Fig. 4. Generally the ground return
is assumed to be Gaussian (Hyde et al., 2005), however shadows
will take “bites” out of this regular shape, leading to multi-peaked
ground returns (Fig. 4). In such an instance multiple Gaussians
would be ﬁtted to the ground return so that the centre of the lowest
(in terms of elevation) Gaussian does not correspond to the centre
of the ground. The drop in intensity due to the shadow could mistakenly be interpreted as the separation between the ground and
canopy, leading to an inaccurate height estimate. This may explain
why sometimes the most intense of the lowest (in terms of elevation) Gaussian is closer to the ground than the lowest (in terms of
elevation), as reported in Hofton et al. (2002) and Chen (2010).
The height variation of the ground within a footprint is proportional to the footprint diameter. Therefore the smaller the footprint
the smaller the effect of topography. However, the continuous coverage of a lidar measurement (whether a single footprint or an
aggregate of many small adjacent footprints) must be large enough
to ensure that some returns are received from tree tops and some
from the ground (Zimble et al., 2003); corresponding to a circular
footprint of between 10 m and 30 m diameter. There is a proposal
for an instrument that can achieve this coverage with an array of
small footprints, called LIST (National Academy of Sciences, 2007),

Fig. 2. Illustration of topographic blurring of a simulated 30 m footprint on a 30◦ slope.

S. Hancock et al. / Agricultural and Forest Meteorology 161 (2012) 123–133

125

Fig. 3. Effect of understory on a simulated 30 m footprint waveform over a bimodal forest on a 12◦ slope.

but it is still in the very early stages of development. Therefore, as
spaceborne lidar looks set to remain large-footprint for the foreseeable future (when national budgets allow it to be considered again)
a reliable method for separating the ground and canopy returns is
needed.
1.2. Review of the state of the art
There have been a number of attempts to correct large-footprint
lidar returns for topography using a variety of methods and additional datasets. These ranged from empirically relating lidar metrics
to ground data in a distinctly non-physical manner (Lefsky et al.,
2007) through to entirely physically-based methods that rely on
external topographic data (Harding and Carabajal, 2005; Rosette
et al., 2008).
The fully empirical corrections of Lefsky et al. (2007) will always
be site speciﬁc and so unsuitable for a global product (though
a global product has been created (Lefsky, 2010), doubts as to
its accuracy have been raised (Los et al., 2011)). The physicallybased methods of Harding and Carabajal (2005) and Rosette et al.
(2008) used an external digital elevation model (DEM) to predict
the shape of the ground return and overlaid that with the waveform
to separate the ground and canopy returns. Rosette et al. (2008)
achieved a canopy height accuracy (root mean square error, RMSE)
of 2.5 m using a 10 m horizontal resolution DEM provided by the UK

Ordnance Survey for the 65 m footprint ICESat/GLAS instrument
(Hyde et al., 2005). However, such ﬁne resolution and accurate
DEMs are not available globally. The experiment was repeated
without a DEM and a canopy height accuracy (RMSE) of 3.8 m was
achieved. This study was over predominantly ﬂat ground with 55%
of footprints on slopes less than 5◦ and only 6% over 15◦ (Rosette
pers comms). The errors were not given as a function of slope angle
and so it is not clear how well the pure Gaussian decomposition
performed over slopes.
Lefsky et al. (2005) used ICESat/GLAS to study an area with
slopes between 10◦ and 20◦ . They achieved a canopy height accuracy (RMSE) of 12.6 m using the 90 m horizontal resolution, near
global shuttle radar topography mission (SRTM) DEM (Farr and
Kobrick, 2000). Los et al. (2011) derived a global height with ICESat. They found RMSEs of between 7.1 m (over a ﬂat site) and 42.3 m
over more complex terrain. By ﬁltering out all slopes over 10◦ (as
well as more stringent cloud and minimum canopy cover checks)
the RMSEs were reduced to between 4.1 m and 15.2 m.
Due to the difference in forests these three studies are not
directly comparable, but it can be seen that canopy height errors
over slopes are currently rather high and so there is room for a more
accurate method.
A method for measuring canopy height accurately over steep
topography is needed. Ideally the method would require no ground
calibration or rely on any non-global datasets. It would be best to

Fig. 4. Heterogeneity of a forest causing shadows and the subsequent deviation of features from simple analytical models.
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Fig. 5. Dual-wavelength waveform features. The spectral ratio is 550 nm over 850 nm.

avoid relying on any external data as that may suffer from geolocation issues. There is not a DEM with high enough resolution
to determine slopes at the 30 m footprint scale with good accuracy beneath forests to accurately determine the proportion of the
world’s forests affected by steep topography, but previous studies
have said it is not insigniﬁcant Takahashi et al. (2005).
1.3. Proposed dual-wavelength lidar
It is likely that the ground and vegetation will have different spectral properties (through different material compositions
and structures) and so it is proposed that it will be possible to
see the changing proportions of canopy and ground with a dualwavelength lidar and so derive canopy height over topography
more accurately.
Due to the energy requirements (particularly from space) only
limited numbers of wavelengths have been considered for operational remote instruments (Morsdorf et al., 2009). Two wavelengths
should be sufﬁcient to detect the change of materials, though
there have been recent advances towards hyper-spectral lidar
(Kaasalainen et al., 2007). We propose that a dual wavelength lidar
could feasibly be launched as a second generation canopy lidar
satellite and will overcome the shortcomings of monochromatic
lidar over topography.
1.3.1. Spectral ratio
The spectral ratio (waveform at one wavelength divided by
that at another) should allow the ground to be identiﬁed through
the issues caused by topography, short vegetation and shadowing
described above. Fig. 5 shows a simulated spectral ratio over a Sitka
spruce canopy on steep topography, similar to that in Fig. 2. The less
intense waveform has been divided by the more intense to prevent
large values as the less intense waveform approaches zero. This is
similar to the vegetation index proﬁles of Morsdorf et al. (2009) but
can be made especially sensitive to the canopy-ground transition.
1.4. Research questions
This paper investigates;
1. Whether such an instrument can be used to reliably separate
canopy from ground over steep topography (30◦ slope) and a
range of canopy densities and vertical structures? This separation of ground from canopy is the ﬁrst step of any physically
based lidar measurement.

2. Resulting tree height accuracies are compared to literature values from investigations with real monochromatic lidar; the
“state of the art”.
As yet there is no large-footprint, dual wavelength, waveform
lidar capable of measuring forests from above and so a simulator
is required. ICESat was dual wavelength, but the 532 nm channel
was binned into 75 m intervals making it useless for canopy measurements (Harding, pers comms 2008). All the studies using real
data mentioned in this paper suffered from confounding errors
caused by geolocation mismatches and errors in the “truth”. With
a computer simulator the truth is known exactly and additional
information can be recorded to help trace the source of errors and
better understand the signal.
2. Method
The Monte-Carlo ray tracer of Lewis (1999) was modiﬁed to
create a full waveform lidar simulator for any combination of
wavelengths and sensor characteristics. The original ray tracer was
validated as part of the RAdiation Model Intercomparison (RAMI)
exercises (Pinty et al., 2004; Widlowski et al., 2007) and now
forms part of the “surrogate truth” used to test all models against
(Widlowski et al., 2008). The simulator has been compared to observations at a range of scales (from metres to hundreds of metres) and
found to agree well (Disney et al., 2006, 2008). It has also been used
to simulate lidar instruments (Disney et al., 2010; Hancock et al.,
2011).
Explicit geometric forest models, in which the position, orientation and spectrum of every tree, branch, twig and leaf are described,
were used. Their creation using the “Treegrow” program and other
studies using them have been described in Disney et al. (2006),
Disney et al. (2008) and Disney et al. (2010). Brieﬂy biological
growth rules are used to simulate a forest’s growth for a given
set of environmental conditions (in this case taken from ﬁeld data
collected in Thetford, UK). The growth and death of branches are
modelled, producing a biologically realistic tree model of a given
age.
The Monte-Carlo ray tracer calculates the paths of light beams
through these explicit forest models to produce realistic remote
sensing signals. Using explicit models and ray tracing is very computationally expensive but makes fewer assumptions than more
abstract methods (such as Ni et al. (1999) and North (1996)), avoiding the dangers of effective parameters which may not capture
important physical processes (Widlowski et al., 2005). Light rays
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Fig. 6. Illustration of the range of forest models used. (a) Waveform for uniform mature on a slope. (b) Uniform mature on a slope. (c) Waveform for uniform young. (d)
Uniform young. (e) Waveform for mixed age on a slope. (f) Mixed age on a slope. (g) Waveform for bimodal. (h) Bimodal. All waveforms are with a 7 ns laser pulse and include
noise.

can scatter multiple times, adding to the recorded radiance and
adding a slight range delay. In this study it was necessary to assume
that all surfaces are Lambertian and that each material can be represented by a single reﬂectance and transmission spectrum.
Four unique individual Sitka spruce trees were generated for
each of ﬁve age classes, with heights around 3 m, 9 m, 12 m, 20 m
and 25 m (producing twenty separate trees). Clones of these were
placed at random locations on a ﬂat, sloped plane of soil or grass
with different densities and combinations of age classes. A minimum separation between trees of 2 m was enforced. Trees were
randomly rotated in azimuth and shifted downwards by up to 50 cm
to prevent identical trees aligning. The resulting forests had canopy
covers from 0.1% to 99.999% (within a 30 m footprint). The different
combinations of age classes and slope are illustrated in Fig. 6 along
with resulting waveforms. Forest models covered all combinations
of density, age mixtures and ground slopes.
Onyx tree (Onyx Computing Inc, 2009) was used to create four
individual birch trees (all of the same age class, around 4 m tall)
(Disney et al., 2010). These were used to create forests in the same
way as the Sitka spruce trees, though without the range of vertical
structures.
Topography was included by tilting a ﬂat plane by an angle. This
will not capture all topographic effects, such as boulders, rough
ground and non-linear slopes, but Chen (2010) showed that slope
was more signiﬁcant than roughness and so we believe that a sloped
plane will sufﬁce for an initial study. Brenner et al. (2003) made a
similar decision for their study. Unless otherwise stated all footprints were on 30◦ slopes, a very steep case.
Leaf spectra were created from the PROSPECT model
(Jacquemoud and Baret, 1990), a bark spectrum was taken
from the LOPEX database (Hosgood et al., 1994) and a soil spectrum was created from the model of Price (1990). These are shown
in Fig. 7. The LOPEX database was used to investigate possible
ranges of these spectra and these ranges were used to ﬁnd suitable
laser wavelengths (see Section 2.2).
Real lasers have a ﬁnite pulse duration, blurring the resulting
waveform and this is included as described in Hancock (2010,
Section 4.1.4). Instrument noise was included in the simulated
waveforms using the equations of Baltsavias (1999) and the values given in Hancock et al. (2008). To summarise, after a waveform
has been created over a forest model with a given pulse length,
the intensity value at each range bin and wavelength have a separate noise value added. Background noise was represented by a
random number chosen from a uniform distribution and photon
noise was represented by a random number chosen from a Gaussian
distribution. The intensity was not allowed to go negative.

This tool allows the creation of simulated waveforms over a
given forest (birch or Sitka spruce) that are equivalent to real measurements (a visual comparison with real data conﬁrms this) so
that inversion algorithms can be tested. Further, comprehensive,
details of the simulator and the efforts taken to produce realistic
data are given in Hancock (2010, chapter 4).
2.1. Spectral information
The spectral ratio waveform in Fig. 5 has ﬁve distinct sections.
The initial peak in spectral ratio with a sharp drop-off due to the
initial dominance of leaf in the canopy and because multiple scattering has not started to contribute. The ratio decreases through the
canopy as it gets woodier and multiple scattering increases. It then
changes as the ground starts to contribute, the direction of change
depending on the relative reﬂectances of the canopy and ground
at the two wavelengths; in this case it increases. The gradient of
the change will depend upon the density of the foliage at the point
at which the beam starts to intercept the ground, the denser the
foliage the more gradual the transition. Once the foliage stops contributing the ratio ﬂattens off to the pure ground value. The length
of this section is controlled by the height from the ground to the
bottom of the crowns. Finally, the spectral ratio drops as only multiple scattering echoes are left (if the lower reﬂectance waveform
were the denominator this would approach inﬁnity).
The spectral ratio is controlled by the material single scattering albedo, the proportion of each of those materials, the multiple
scattering contributions and the phase function. The simulator was
used to explore the behaviour of each of these variables through a
forest canopy (shown in Fig. 8). An inﬁnitely short laser pulse and no
noise was used to make the canopy properties clearer. Again the less
intense waveform has been divided by the more intense. The proportions of leaf, wood and soil will change through a canopy; in the
absence of multiple scattering each material will contribute to the
measured intensity by its projected area multiplied by its albedo
and phase function. here phase function is deﬁned as the factor
scaling hemispherical albedo of a material to the albedo for a particular viewer-illumination geometry). Fig. 8(c) shows that the canopy
starts off leafy, becoming woodier towards the ground, though with
some heterogeneity. Interestingly some canopy (almost entirely
wood) is visible almost to the bottom of the waveform.
Fig. 8(d) shows that there is no general trend in the phase function, except for wood higher up in the canopy where Fig. 8(c) shows
it is predominantly leaf and so this is unlikely to be signiﬁcant. The
spectral ratio was calculated with and without multiple scattering.
The intensity of multiply-scattered light is attenuated by the single
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Fig. 7. Element spectra used with minimum and maximum values of observations.

scattering albedo to the power of the number of interactions and
so the more intense waveform should have a much greater multiple scattering contribution. Fig. 8(e) shows this to be the case. In
addition scattering adds heterogeneity to the signal and causes a
slight decrease in the ratio with range. Interestingly, the two ratios
are similar towards the top, indicating that multiple scattering has
not started to contribute by then, due to the introduction of a range
delay (a few tens of centimetres). It may be possible to use the
range before the initial drop to determine the multiple scattering
delay and so learn more about the structure through re-collision
probability (Huang et al., 2007). This was not pursued in this paper.

0 and 1 and varies with height and location. This ignores structural
effects but is sufﬁcient for an initial wavelength selection.
As multiple scattering increases with range (Fig. 8(e)), the spectral ratio will decrease towards the canopy bottom. This cannot be
changed given the above criteria and so the canopy to ground transition will be more apparent if the change caused by an increasing
wood fraction (Fig. 8(c)) also causes a decrease in the ratio and the
ground has a higher spectral ratio than the canopy. These criteria
can be phrased as;

2.2. Wavelength selection

ω,canopy

All simulations over Sitka spruce and birch canopies showed
similar trends and so these will be taken as general. The feature
of interest is a change in spectral ratio between the pure-canopy
and ground-with-canopy section and the wavelengths should be
chosen to accentuate this. A number of criteria for selecting wavelengths can be set.
The less intense waveform should be divided by the more
intense, therefore;

The spectral contrast was calculated using a range of
reﬂectances between the minimum and maximum values from
the LOPEX database (Hosgood et al., 1994), the prospect model
(Jacquemoud and Baret, 1990) and spectra collected with an ASD
FSPro spectrometer (ASD inc., Boulder, CO, USA) in Kruger National
Park. All spectra were between 400 nm and 2500 nm sampled every
10 nm (shown in Fig. 7). A range of canopy reﬂectance values were
calculated by varying k between 0 and 1. A spaceborne instrument will suffer from atmospheric absorption and so this must be
taken in to account. The ATRAN model (Lord, 1992) was used with
the default parameters to calculate the atmospheric transmission
between 850 nm and 2500 nm. The transmission was assumed to be
unity between 450 nm and 850 nm. A compiled version of ATRAN
is available to run online (SOFIA, 2010).
The best spectral contrast was achieved for all possible canopy
compositions using 492 nm as the numerator and 1,112 nm as the
denominator, giving a mean spectral contrast of 0.33. At these
wavelengths the element reﬂectances were between 5.8% and 15%.
This can be raised to be between 6.4% and 21% by using 512 nm

,leaf
ω,leaf

>

,canopy

ω,canopy > ,canopy

(1)

ω,ground > ,ground

(2)

where ω,canopy is the canopy reﬂectance at the denominator wavelength, ω. ,canopy is the canopy reﬂectance at the numerator
wavelength, . ω,ground and ,ground are the same for the ground
(set as pure soil here). Here canopy reﬂectance at a particular wavelength is the weighted average of leaf, ,leaf , and bark, ,bark ,
reﬂectance; ,canopy = k,leaf + (1 − k),bark , where k lies between

,bark
ω,bark
<

,ground
ω,ground

(3)
(4)
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Fig. 8. Factors contributing to the spectral ratio (512 nm over 942 nm) of a 16 m tall Sitka spruce forest with 90% canopy cover on a 30◦ slope from simulation. The line at
600 m shows the centre of the ground which extends 3.5 m above and below. (a) Waveform; (b) spectral ratio; (c) fraction of ﬁeld of view ﬁlled by each material; (d) phase
function; (e) ratio with and without multiple scattering.

over 942 nm, which has a spectral ratio of 0.31. A higher reﬂectance
would be an advantage and so 512 nm over 942 nm will be used for
the rest of this paper unless otherwise stated. Whether or not suitable laser sources are available at these wavelengths is beyond the
scope of this paper.

2.2.1. Grass covered ﬂoor
The previous section assumed a pure soil background. However
it is possible that the background may be grass, moss or other vegetation. A worst case scenario would be for it to have the same
element reﬂectance as the tree leaves. The two spectra would still
not be identical due to the mixture of wood in the canopy and
structural effects. The ray tracer was used to determine the canopy

spectrum (taking structure into account) and the above wavelength
selection analysis repeated.
For a pure grass background 512 nm over 942 nm has a spectral
contrast of 0.034, around a tenth of that for a soil background. The
optimum wavelengths would be 500 nm over 1890 nm, giving a
spectral contrast of 0.59. This is higher than the soil ground contrast
as structural effects in the canopy (multiple scattering and phase
function) were not taken into account then. Therefore, even when
the ground has exactly the same spectrum as leaves there is still a
spectral contrast due to the mix of wood and structural effects in the
canopy. It is very unlikely that the composition of the ground and
canopy, spectrally and structurally, will lead to exactly the same
spectra. Therefore there should always be two wavelengths which
will show a spectral contrast over a surface.
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It may not be possible to ﬁnd two wavelengths that satisfy these
criteria over all land surface types, but a global analysis of land cover
is beyond the scope of this paper as it is meant as a proof of concept.
2.3. Information extraction
With the above criteria the start of the ground signal will be
marked by a sharp increase in the spectral ratio. This may not necessarily be marked by a minimum in the spectral ratio but there
will always be a maximum of the second derivative.
Noise and heterogeneity will cause spikes, particularly in the
higher order derivatives and so some form of smoothing is required.
Convolution with a Gaussian was selected for this study. The
algorithm should aim to smooth away all maxima of the second
derivative except the one of interest (start of the ground). At the
same time the function should be as narrow as possible to minimise
the shifting of features. Therefore the ﬁnest possible Gaussian that
leaves a single maximum of the second derivative was used (found
by iterating with different Gaussian widths) and the last remaining
maxima of the second derivative taken as the start of the ground
return. For the waveforms tested, a 2 m to 10 m long Gaussian was
needed, with it generally lying around 3 m long. Convolution with
a Gaussian will spread the signal into previously empty areas, producing meaningless spectral ratios. These tails can be avoided by
applying the cumulative energy threshold of Hofton et al. (2000)
and ignoring all signal outside of that. Smoothing the individual
waveforms before calculating the spectral ratio will minimise the
impact of noise.
At the beginning and end of the signal there will be rapid changes
in the spectral ratio and so its derivatives. These “wings” could
obscure the ground and so only the signal between the ﬁrst minimum of the second derivative (leading wing) and the last minimum
of the second derivative (trailing wing) should be searched. Under
certain conditions this may truncate the features of interest (very
low or high canopy covers) and steps should be taken to avoid this.
2.3.1. Edge preservation
The start of the ground return will be shifted upwards by any
smoothing, introducing bias. Decreasing the smoothing function
width in areas of interest and increasing it elsewhere will help
reduce this bias (DaSheng, 1993). Weighting the function’s width
by the gradient of the spectral ratio (the greater gradient the narrower the function) should preserve the position of the ground. To
avoid noise the weighting should be based on a smoothed spectral
ratio. The weighting, w, was related to the gradient of the spectral
ratio, grad by;
w=



1



b(grad − a)

+c

(5)

where a, b and c are constants set by the minimum and maximum
smoothing to be used. The conditions and resulting values for a,
b and c are given in Appendix A. This form was chosen to give an
asymptote to cope with very steep gradients in the spectral ratio.
It is somewhat arbitrary and should be reﬁned in future studies.
2.4. Experimental design
The simulator was used to create a library of 1600 dual wavelength waveforms over a range of forest densities, structures and
30◦ slope for Sitka spruce with a soil background. Each waveform
had different sets of noise of the same level applied (different random number seeds) to produce 16,000 “measured” waveforms. All
simulations used a range resolution of 15 cm, a laser pulse length
of 8 ns (full width half maximum, FWHM, 2.4 m long) and a 30 m
footprint; similar to the recently cancelled DEDynI (Dubayah et al.,

Fig. 9. Ground range error against canopy cover for Sitka spruce forests on a 30◦
slope using the spectral ratio method with 512 nm over 942 nm, 30 m footprint,
15 cm range resolution and an 8 ns laser pulse. Error bars show one standard deviation.

2008). The optimum wavelengths over soil, 512 nm over 942 nm,
were used. As an independent test the analysis was repeated over
birch, which had played no part in the algorithm development.
The analysis was repeated with a grass covered ﬂoor using
512 nm over 942 nm (the optimum for soil) and repeated with
500 nm over 1890 nm (the optimum for grass) to see if the method
is tolerant to vegetation covered ﬂoors.
To provide a direct comparison to studies using real data (Lefsky
et al., 2005; Los et al., 2011) the analysis was repeated using ICESat
like parameters. A 65 m footprint, 7 ns laser pulse (Zwally et al.,
2002), but using the dual wavelengths (512 nm over 942 nm). The
noise tracking method described in Hancock et al. (2011) was used
to determine the tree tops and the canopy height taken as the height
of this above the mean ground position. It is impossible to tell where
the tallest tree lies within a footprint and so tree height over a slope
is not easily measured with large footprint lidar (Los et al., 2011).
The 12.6 m RMSE achieved by (Lefsky et al., 2005) was taken as the
benchmark accuracy over steep slopes (that study used an external
DEM).

3. Results
The errors for determining the start and end of the ground return
are given in Fig. 9. Here error is the estimate minus the truth, so a
negative value is an underestimate. Unsurprisingly the end of the
ground return is accurately determined until higher (>85%) canopy
covers though the errors become quite large above 90% cover. As
canopy cover increases the ground return is weakened and so is
more likely to be lost in noise.
The start of the ground has proven harder to determine. For
sparse (<10% canopy cover) the canopy return is very weak and
likely to be lost in the noise removal operations. In the absence of
the true canopy to ground transition, variations in multiple scattering intensity and canopy composition may be taken as the start of
the ground return, leading to an overestimate of range. For very
dense (>90% canopy cover) forests the opposite is true, a weak
ground return being lost leading to an underestimate of range.
Above 80% canopy cover there was an increase in the spread and
bias of errors. This is due to the canopy structure and will be examined in more detail in Section 3.1. The overall RMSE in the range to
the start of the ground signal was 3.2 m with a mean bias of −1.3 m.
Limiting this to canopies with covers below 99% reduced the RMSE
to 2.7 m and the bias to 67 cm.
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Fig. 10. Ground-start range error against canopy cover split by mean maximum canopy height using the spectral ratio method with 512 nm over 942 nm, 30 m footprint,
15 cm range resolution and an 8 ns laser pulse. (a) Waveforms without gaps and (b) waveforms with gaps.

For a vegetation covered ﬂoor the ground start position was
determined with an RMSE of 2.26 m with a bias of −75 cm using
512 nm over 942 nm and 1.79 m with a bias of −19 cm using 500 nm
over 1890 nm. Both of these are comparable to the soil covered
ground results. Therefore it seems that unless the particular combination of canopy and ground materials and structural effects
happen to give the two exactly the same spectra, two wavelengths
can be found that allow the method presented here to be used
and errors are not greatly increased by using non-optimum wavelengths. Due to the very different structural effects of a complex 3D
canopy and the ground we feel this situation is very unlikely. The
same two wavelengths may not be appropriate for all land cover
types (e.g. moss and soil covered ground) and so an operational
instrument may need more than two wavelengths to ensure global
operation.
The results for birch were very similar to those for Sitka spruce
forests with similar canopy covers. This suggests that the method is
tolerant to different species, though experiments with more models
would be needed to say for certain. The analysis was repeated with
an inﬁnitely short laser pulse (impossible in reality) and this gave
very similar results for the ground-start errors. This suggests that
the method is insensitive to laser pulse length.
The edge preserving method described in Section 2.3.1 adds
computational expense. To justify this the analysis was repeated
without it. The ground start RMSEs were found to be the same,
however the bias was greater (roughly 1 m). Therefore we believe
it is worth the computational expense.
3.1. Vertical structure
Fig. 10 gives the errors in ground-start position separated by
canopy height (binned by maximum height within a footprint) and
into canopies with clear gaps somewhere in the waveform (as in
Figs. 1 and 3) and those without (as in Fig. 2). Only a single set
of noise was added and inversions performed on each waveform
to make the graphs clearer (1600 waveforms). This shows that
the method performed worse with “gappy” waveforms. Duncanson
et al. (2010) found a similar result in which their method performed
better for forests on slopes of certain angles.
In a “gappy” waveform, the ground-start can be on either side
of the gap and then either at the gap (as in Fig. 1) or within the
signal (Fig. 3). The method presented here did not try to take gaps
into account and so struggled in these cases. Smoothing could easily
cause the transition feature to jump over a gap, amplifying the error.
The feature will always be shifted upwards (away from the ground)
by smoothing and so these errors are negative. It should be possible
to overcome this by either closing the gaps during analysis and
keeping track of where they lie or some form of classiﬁcation of

the spectral ratio values, though there was not time to explore this
within this project.
For forests without clear gaps in the canopy a number of different cases are apparent. The same trends for sparse (<10%) and
dense (>98%) canopies discussed in the last section were evident.
Above 60% cover there are a number of large underestimates of
up to 10 m. There are not enough to greatly increase the spread
and bias in Fig. 9 and so this may be acceptable. Examination of the
waveforms reveals that these cases have sections of very low intensity within the signal and so are more readily affected by noise. Thus
they are almost “gappy” canopies and the improvements needed to
apply the method to “gappy” canopies should also aim to correct
for this.
Slopes other than 30◦ were simulated, however as slope
decreases the number of gappy canopies increases, so more waveforms have the large errors shown in Fig. 10(b). Therefore we have
not attempted to determine the dependence of error on slope, as
errors caused by gaps in the canopy will dominate.
Short trees (<10 m tall) tended to show overestimates in range.
This is most probably controlled by foliage density at the point at
which the ground starts to contribute. The denser the canopy at
this point the weaker the ground return will be, so the increase
in spectral ratio from pure canopy to pure ground will be more
gradual. For a given canopy cover, a shorter tree will have denser
foliage closer to the ground, decreasing the ground return strength
at the transition and so making it harder to determine its position.
Changes in multiple scattering contribution and canopy composition may accidentally be interpreted as the ground-start position.
Other than for trees less than 10 m tall, for a given canopy cover
there was no relationship between canopy height and error, that
being dominated by canopy cover and the vertical structure.
The experiments were repeated for all wavelength combinations that matched the above criteria, gave a spectral ratio above
0.2 and had element reﬂectances above 5%. All gave similar results
with RMSEs of ground-start lying within 50 cm of each other. This
suggests that a wide range of wavelengths may be suitable if suitable laser sources are not available at 512 nm and 942 nm and giving
us some hope that a single pair of wavelengths can be found that
will work over a broad range of ground spectra. A more comprehensive spectral analysis, beyond the scope of this proof of concept
paper, would be needed.
3.2. Canopy height
For a dual-wavelength version of ICESat (512 nm and 942 nm)
over sloped forests, canopy heights were obtained with root mean
square errors of less than 4 m for all covers up to 90%. For canopy
covers above 90% the errors increased to an average of 14 m with
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some at very high covers (98% and higher) reaching 25 m. The RMSE
over all canopy covers was 3.2 m with a mean bias of −1.96 m. This
dropped to 2.03 m and a bias of −63 cm when ignoring canopies
above 97% cover. The errors had a very similar dependence on
canopy cover to those in Figs. 9 and 10 suggests that the error is
not related to canopy height, only canopy cover and structure. To
quantify this a straight line was ﬁt to a scatterplot of ground start
RMSE against canopy height for each canopy cover (10% cover bins).
It was found that the ﬁt of a straight, sloping line (RMSE depends
on canopy height) was not signiﬁcantly better than a horizontal
line (RMSE does not depend on canopy height) and so we believe
that vertical structure and canopy cover dominate the errors in
this method. This method is much more accurate than the 12.6 m
achieved in Lefsky et al. (2005), although it’s not clear if the two
sets of canopies are directly comparable.
In the absence of a real dual-wavelength lidar or a fully digitised
area of forest where real and simulated measurements can both be
collected, a more comprehensive comparison of monochromatic
and dual wavelength lidar canopy height estimates cannot be performed. It is clear that dual wavelength lidar has an advantage in
the three cases given in the introduction (Figs. 2–4).

wavelength lidar will allow more accurate measurement of forests
on steep terrain than is possible with monochromatic lidar.
This paper has proven that dual-wavelength lidar can retrieve
canopy height in the presence of topography and understory vegetation more accurately than monochromatic lidar, without the need
for any external datasets. The method employed was somewhat
arbitrary and some reﬁnements are needed, particularly to allow it
to deal with “gappy” waveforms.
Acknowledgements
This work was funded by the NCEOI (Natural environment
research council Centre for Earth Observation and Instrumentation) for project SA-014-DJ-2007 (Hyperspectral Imaging LiDAR)
through the Centre for Terrestrial Carbon Dynamics (CTCD) and the
EPSRC through studentship no. GR/9054658.
The Kruger spectral data was collected as part of the ESA project,
21428/08/NL/HE Radiative Transfer Modelling of Fire Impacts. We
acknowledge the support of the NERC Field Spectroscopy Facility
(FSF) for the collection of this data.
Thanks to Jackie Rosette for providing additional detail and useful comments on her work. Also thanks to the reviewers for their
comments.

4. Conclusions
The four possible combinations of canopy and ground returns
in lidar signals have been highlighted; clear separation between
the two (Fig. 1), no clear separation (Fig. 2), a break in the canopy
with no separation between it and the ground (Fig. 3) and no separation between the ground and canopy with a drop in intensity
within the ground return (Fig. 4). Except for the ﬁrst case of clear
separation, monochromatic lidar cannot accurately resolve the
ground return in any of these cases, preventing physically-based
measurement and leading to inaccurate estimates of biophysical
parameters.
The potential of using dual wavelength, large-footprint, spaceborne lidar to separate ground and canopy returns, particularly in
the presence of topography and understory vegetation, has been
demonstrated. This ﬁrst step is necessary for the physically-based
measurement of any forest parameter and, as it relies only on the
shape of the spectral ratio, will be robust to differences in scene
reﬂectance, atmospheric conditions and variable instrument gain.
This paper has shown that the extra information contained in
a spectral ratio (Fig. 5) can be used to develop a physically-based
(and so globally applicable and consistent) method for measuring
forests. All the results have been based upon simulated data, which
has allowed a minute examination of the errors, but the method
will need testing with real data once that becomes available. In
particular it requires the ground to have a different spectral ratio
to the canopy; whether it be made of soil, leaf, litter, grass or some
combination of these.
Tests with a pure vegetation ground suggests that structural
effects make it very unlikely that a canopy will have exactly the
same spectrum as the ground beneath, and so it should be possible
to ﬁnd two wavelengths with a strong spectral gradient. These two
wavelengths may not be the same over the globe (though RMSEs
were comparable when using 512 nm over 942 nm over both soil
and grass)) and so an operational satellite may need to be capable of
producing more than two wavelengths, though only two at any one
time. Further analysis with a broader range of spectra, their relative
abundance on the land surface and their importance to various science questions is needed to select wavelengths for an operational
instrument.
Simulations of a dual-wavelength ICESat like instrument gave
lower errors than the 12.6 m reported by Lefsky et al. (2005) using
the monochromatic ICESat. Therefore it is proposed that a dual

Appendix A. Weighting function constants
The constants in Eq. (5) were set by forcing the smoothing function to have the greatest
 value at the smallest observed gradient
(w = smoothmax , grad = grad ), the minimum smoothing at
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