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a b s t r a c t
We present a model-based investigation of the effect of discrete-return lidar system and survey
characteristics on the signal recorded over young forest environments. A Monte Carlo ray tracing (MCRT)
model of canopy scattering was used to examine the sensitivity of model estimates of lidar-derived canopy
height, hlidar to signal triggering method, canopy structure, footprint size, sampling density and scanning
angle, for broadleaf and conifer canopies of varying density. Detailed 3D models of Scots pine (Pinus
sylvestris) and Downy birch (Betula pubescens) were used to simulate lidar response, with minimal
assumptions about canopy structure. Use of such models allowed the impact of lidar parameters on canopy
height retrieval to be tested under a range of conditions typically not possible in practice. Retrieved hlidar was
generally found to be an underestimate of ‘true’ canopy height, hcanopy, but with exceptions. Choice of signal
triggering method caused hlidar to underestimate hcanopy by ∼ 4% for birch and ∼ 7% for pine (up to 66% in
extreme cases). Variations in canopy structure resulted on average in underestimation of hcanopy by 13% for
birch and between 29 and 48% for pine depending on age, but with over-estimates in some cases of up to
10%. Increasing footprint diameter from 0.1 to 1 m increased retrieved hlidar from signiﬁcant underestimates
of hcanopy to values indistinguishable from hcanopy. Increased sampling density led to slightly increased values
of hlidar to close to hcanopy, but not signiﬁcantly. Increasing scan angle increased hlidar by up to 8% for birch, and
19% for pine at a scan angle of 30°. The impact of scan angle was greater for conifers as a result of large
variation in crown height. Results showed that interactions between physically modelled (hypothetical)
within canopy returns are similar to ﬁndings made in other studies using actual lidar systems, and that these
modelled returns can depend strongly on the type of canopy and the lidar acquisition characteristics, as well
as interactions between these properties. Physical models of laser pulse/canopy interactions may provide
additional information on pulse interactions within the canopy, but require validation and testing before
they are applied to actual survey planning and logistics.
© 2010 Elsevier Inc. All rights reserved.

1. Introduction
During the last few years airborne laser scanning became a common
technique to obtain stand or individual tree height information (Næsset,
1997a; Magnussen and Boudewyn, 1998; St-Onge, 1999; Næsset and
Bjerknes, 2001; Lim et al., 2001; Persson et al., 2002; St-Onge et al., 2003;
Hollaus et al., 2006). Canopy height (at the stand or tree scale) is a very
important forest parameter due to its statistical connection with other
biometric variables (Ketterings et al., 2001; Brown, 2002). As a result,
lidar data have been increasingly employed to aid derivation of other
⁎ Corresponding author. Department of Geography, University College London,
Gower Street, London, WC1E 6BT, UK. Tel.: +44 20 679 0592; fax: +44 20 679 0565.
E-mail address: mdisney@geog.ucl.ac.uk (M.I. Disney).
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forest stand variables such as basal area, stem volume, forest growth rate
and biomass (Næsset, 1997b; Næsset, 2005; Nelson et al., 1988a,b, 1997;
Schardt et al., 2002; Popescu et al., 2003; Yu et al., 2004a; Næsset and
Gobakken, 2005; Hopkinson et al., 2008). The majority of commercial
lidar instruments are generally mounted on ﬁxed-wing or helicopter
platforms and utilise the discrete-return logic i.e. a small number of
returns is used to down-sample the dominant reﬂections, usually the
ﬁrst and last-returns. This is in contrast to full-waveform instruments
where the lidar return is sampled at high frequency, providing much
greater information on the vertical proﬁle of the returned signal.
Baltsavias (1999) provides a comprehensive review of the lidar systems
available at that time. While full-waveform capability lidar systems have
increased in number and are an important development, recent
progress has typically been aimed at producing ﬁner point spacing
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and increased temporal sampling of the ﬁrst/last return signal, rather
than full-waveform capability. Other improvements in lidar technologies include greater storage capacities and improved positional accuracy
(Lim et al., 2003).
Most discrete-return lidar studies of vegetation have tended to use
empirical, semi-empirical or statistical relationships between lidar
returns and tree-level or forest stand-level parameters (Lefsky et al.,
1999; Holmgren et al., 2003; McCombs et al., 2003; Riaño et al., 2003).
Often in such studies, lidar system characteristics such as scan angle,
footprint size, signal triggering threshold, variations in canopy
structure etc. are not accounted for and are ignored (Brandtberg
et al., 2003; Riaño et al., 2003; Zimble et al., 2003; Koetz et al., 2007),
or included implicitly through the expression of lidar canopy height as
percentile values. Even where the impact of 3D canopy structural
information is considered explicitly in examining the lidar signal, this
tends to take the form of statistical distributions in a 3D ‘voxel’ space
of parameters such as leaf area index (LAI) and leaf angle distribution
(LAD) (Houldcroft et al., 2005), or via the use of simple geometric
primitives representing individual tree crowns, with some statistical
description of extinction within and between tree crowns (Sun and
Ranson, 2000; Goodwin et al., 2007). Other studies have used regiongrowing methods to explore the impact of canopy structure on lidar
returns at the individual tree-level (Hyyppä et al., 2001). The problem
in all these cases lies in deciding what the appropriate ‘equivalent’
structural parameters (LAI, LAD, extinction coefﬁcient etc.) should be
for a given canopy. Hopkinson and Chasmer (2009) showed the
impacts of canopy structure and system characteristics on estimates
of canopy cover from discrete-return lidar. Lefsky et al. (2002) review
issues of canopy structure (in particular the vertical and horizontal
amount and distribution of vegetation) on the lidar signal, particularly
for ecosystem applications.
Over the past 10–15 years, various studies have been carried out to
assess the impact of lidar system and survey characteristics. Næsset
(2009a) provides perhaps the most comprehensive attempt to
quantify the impact of such effects practically, through a comparison
of lidar returns from two different instruments at different ﬂying
altitudes and pulse repetition frequencies (PRFs). Yu et al. (2004a,b)
studied the effect of ﬂight altitude on the number of detected trees
and on the estimation of tree height. The results suggest that
increasing the ﬂight altitude increases underestimation of tree height,
and that pulse density is a crucial factor for tree height measurements
(although this effect was not separated from the impact of using
different pulse densities at different altitudes). In a similar study,
Hirata (2004) examined footprint diameter (via changing altitude) in
mountainous terrain and found that retrieved height increased with
increasing footprint size. Hirata (2004) also studied different
sampling density by subsampling existing data and showed the rate
of extraction of treetops increased with sampling density. Maltamo
et al. (2004) examined bias in estimating timber volume caused by
footprint size.
Næsset (2004) found that ﬁrst-pulse lidar returns did not vary
much regardless of ﬂight altitude/footprint diameter for footprints
ranging between 16 and 26 cm, and that last-pulse returns were more
sensitive to variations in footprint diameter. Goodwin et al. (2006)
examined how canopy height proﬁles were affected when platform
altitude was increased from 1000 to 3000 m (footprint size increased
from 0.2 to 0.6 m) and found no signiﬁcant differences. However,
point spacing (i.e. PRF or sampling density) inferred from survey
details was found to strongly affect retrieved attributes of individual
trees, particularly height and canopy structure. Chasmer et al.
(2006a,b) showed that PRF is associated with the ability of laser
pulses to penetrate the canopy. Næsset (2009a) conﬁrmed a general
tendency of retrieved canopy height distribution to be shifted
upwards when reducing PRF from 100 kHz to 50 kHz. Hopkinson
et al. (2006) attempted to reduce the effects of lidar survey
conﬁguration on empirical lidar-derived canopy height estimates.
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Hopkinson (2007) used multiple surveys to examine the impact of
altitude, beam divergence and PRF on pulse return intensity (and
height distribution) for different vegetation canopies. Reducing peak
laser pulse power (by increasing altitude, beam divergence or PRF)
reduced penetration into short canopies, while increasing penetration slightly into tall canopies, where foliage tended to have slightly
lower leaf area density. Hopkinson (2007) emphasises the need to
account for system and survey-speciﬁc variations in peak pulse
power as far as possible in order to make different lidar surveys
more directly comparable and proposes an empirical correction for
systematic biases. Hopkinson (2007) also suggests that if such
variations cannot be accounted for directly, their impact should be
estimated via sensitivity analysis.
The different technical speciﬁcations (and environmental impacts)
among different surveys, and interdependencies between some of the
parameters being investigated, make it difﬁcult to generalise the
impacts of system characteristics on the retrieval of canopy structural
parameters, as noted by Hopkinson (2007). For example, platform
altitude controls both lidar point spacing and footprint size (beam
divergence), for ﬁxed PRF; any alteration of altitude will change both
point spacing (across track) and footprint size. Even for lidar points
scanned from the same altitude, far-range (maximum off-nadir scan
angle) points have larger footprints than those at nadir due to
projection effects on the instantaneous ﬁeld of view (IFOV). One
method to separately investigate the effects of sampling density and
footprint size is to apply thinning to the original lidar data in either a
systematic (Yu et al., 2004a), random (Goodwin et al., 2006), or semirandom (Gobakken and Næsset, 2008) manner to keep a constant
sampling density in order to make unbiased comparisons. Another
method is to generate a reference survey, against which other surveys
with varying properties can be normalised (Hopkinson, 2007).
In scanning lidar systems the scan angle can vary signiﬁcantly
across survey regions. Despite this, biases introduced by this angle
variation are rarely considered as a source of information, or
quantiﬁed (Hopkinson, 2007). Increasing scan angle tends to overestimate the mean, area-averaged canopy height, hcanopy, in empirical
estimators of height from lidar, due to seeing a larger proportion of
higher points in the canopy (Næsset, 1997a). However, the increased
path length at greater scan angles will tend to cause greater
attenuation of the signal, resulting in fewer ground returns,
particularly in dense canopies (Lovell et al., 2005). Also, technical/
electronic speciﬁcations (e.g. mono- or dual-receiver systems,
scanning pattern, signal triggering method etc.) differ among airborne
laser scanners (ALS), inﬂuencing the inter-comparability of lidar
datasets acquired by various systems (Næsset, 2009a). Even ambient
temperature and the hours of operation can introduce variations in
the power of the laser (Mofﬁet et al., 2005).
In addition to the use of controlled lidar surveys, there have been
studies of the impact of lidar instrument characteristics using 3D
simulation models. The main advantage of this approach is that the
effect of various lidar parameters can be studied independently across
a wide range of parameter values and canopy scenarios in such a way
that would prove prohibitively expensive, or technically difﬁcult for a
real lidar survey. Simulation studies can also be a valuable tool to
improve understanding of the limits of parameter retrieval from lidar
data, particularly if combined with knowledge gained from empirical
surveys. Using a geometrical forest model, Lovell et al. (2005) found
that lidar height retrieval is less accurate at the edge of a swath due to
uneven spacing of the sample points. Holmgren et al. (2003) used a
geometric forest model to study the effects of lidar scanning angle on
the proportion of canopy returns and height percentiles. The results
showed that the two metrics varied with increased scanning angle,
especially for long crown species. However, they used solid geometric
objects (half-ellipsoids) to represent ‘trees’ and the lidar signal was
modelled without divergence (i.e. using a parallel beam). These
assumptions (particularly the ﬁrst) will have potentially important
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impacts on model results due to overestimation of returns from the
tree canopies (no probability of the signal penetrating a tree crown)
which will in turn cause multiply scattered interactions to be
misrepresented. Simulation studies clearly require a range of assumptions, not just at the stand-level, but also at the crown/within-crown
level and the more simpliﬁed the model is, the more difﬁcult it
becomes to deﬁne useful ‘equivalent’ canopy structural parameters.
Here, Monte Carlo ray tracing (MCRT) is used to simulate the lidar
return from highly-detailed (to the individual leaf and needle level)
3D model forest canopies. The model simulations are used to explore
the impact of various system and survey-dependent characteristics
such as scanning angle, footprint diameter (separating ﬂight altitude
and beam divergence) and sampling density on the resulting lidar
signal. We also examine the impact of canopy structure and the signal
triggering method on the retrieved lidar signal (in the light of a both
instrument and background noise). Although canopy structure is not a
system characteristic, the size and arrangement of tree crowns and
the vertical and horizontal distribution of vegetation with crowns, are
strongly coupled in practice to lidar system response. This makes it
difﬁcult to separate structure from instrument and survey-speciﬁc
parameters in practice (Hopkinson, 2007). We address this issue here.
Various methods might be used to generate a discrete-return lidar
dataset (either ﬁrst, last or multiple returns) from a digitised lidar
waveform. This choice is likely to have an impact on retrieved
biophysical metrics. The ﬁrst-return height recorded by a lidar
instrument from a transmitting medium such as vegetation will
always tend to be a slight underestimate of the ‘true’ canopy height, as
the signal response can never be instantaneous, or perfectly uniform
across the instrument footprint. The choice of triggering mechanism
can affect the size of this bias. For commercial conﬁdentiality reasons
it is not generally possible to establish precisely which triggering
methods are used in currently available ALS systems, or how they are
implemented (pers. comm., Optech; Næsset, 2009a). Discrete-return
lidar datasets could be generated by for example by specifying upper
and lower threshold values on the cumulative signal response (e.g. 1
and 99% levels); using a constant fraction discriminator (CFD)
algorithm to ﬁnd the point at which multiple return signals
(percentile fractions) exceed some ﬁxed fraction (e.g. 50%) of the
return threshold (pers. comm., Leica). In full-waveform lidar systems,
a height-of-median-energy (HOME) can be deﬁned which is used to
infer information about the canopy vertical structure (Hyde et al.,
2005). Other proposed triggering methods rely on identifying the
leading edge of the pulse return, which will represent the highest
impact in the canopy. This can be done for example by ﬁnding a
relationship between the point at which the signal ﬁrst exceeds a
given background signal (noise) level and some higher triggering
threshold. We refer to this latter method as a ‘track-back’ method as it
requires keeping track of the signal over some limited range of
previous time (distance) response values (Hancock et al., 2008).
Wagner et al. (2004) compared the performance of different signal
detection methods and reported that the accuracy of the triggered
returns depended on several factors such as the distance of the target
object and the signal-to-noise ratio (SNR).
The choice of how to deﬁne the height of the canopy at a particular
point, hcanopy, and how the ﬁrst-return lidar height, hlidar, is calculated,
are both critical to how the impact of lidar instrument and survey
characteristics are assessed and interpreted. In this study we know
hcanopy explicitly at any point from the 3D models we use to simulate
lidar returns. We deﬁne hcanopy to be the mean height over a small
circular region centred on the same point as our simulated lidar
footprints. A small spatial average is used to avoid large height
differences that can occur over very small horizontal distances due to
small gaps in the canopy. hcanopy as deﬁned is then effectively the ‘true’
height at a point i.e. the height that would be measured in the ﬁeld.
In practice, hlidar is the height at which some measure of reﬂected
energy over a ﬁnite (usually Gaussian) footprint is sufﬁcient to trigger

a sensor measurement, where ‘sufﬁcient’ is determined by the signal
triggering method. So hlidar is not only a function of the instrument
settings but of the horizontal and vertical canopy structure. For a ﬁxed
pulse energy, changing the pulse characteristics such as footprint size
or scan angle etc. will change the pulse energy per unit area arriving at
the top of the canopy. This in turn will affect hlidar. Here, we control for
this variation so we can examine the separate system and survey
impacts separately. Fig. 1 illustrates how the relationship between
hcanopy and hlidar can vary depending on the deﬁnition of the former
and how the latter is measured. Two idealised cases are shown along
with an example from a realistic 3D canopy (described below). The
left panel shows the idealised return of a Gaussian pulse footprint
(dashed line) of known width (σpulse) from a ﬂat surface larger than
the footprint size located at height hcanopy. The small uncertainty of
hcanopy due to horizontal spatial variability described above is
represented as a narrow Gaussian pulse (solid line, width σcanopy).
The resulting lidar return is then the product of these two Gaussian
distributions. Ideally we require that hlidar = hcanopy, in which case a
suitable signal triggering method would be one that places hlidar at the
peak energy return. In this case, this would favour a method based on
the cumulative signal, such as HOME, rather than one based on
detecting the pulse leading edge, which will tend to over-estimate
hcanopy in proportion to σpulse. The centre panel shows what happens
when the surface normal is oriented at an angle θ to the lidar pulse,
but hcanopy at the centre of the lidar footprint remains the same. In this
case, HOME over-estimates hcanopy by a factor tanθ because the peak
energy returns is displaced upwards, closer to a signal triggering
method based on the return leading edge. The examples from two
structurally different 3D canopies of the same height show the more
general effects of vertical structure. In these cases hcanopy values
estimated by HOME are quite different due to the different vertical
distribution of the material in the canopy. A signal triggering method
based on tracking the leading edge of the return will be a much better
estimator of hcanopy in both cases.
In summary, the impacts of lidar system and survey characteristics have been explored in a range of empirical studies. However,
Næsset (2009a) makes the point that even for sensors that are
nominally recording the same information, the resulting point
clouds tend to have different properties. The difﬁculties of generalising the impact of these various effects means they are still often
ignored, meaning such studies are essentially not intercomparable
(Hopkinson, 2007). We show that 3D model simulations requiring
very few assumptions regarding canopy structure are a useful and
practical way to quantify the impact of system and survey
characteristics and can indicate the likely range of uncertainties
introduced by these choices. We suggest that validated model
studies can complement lidar surveys.
Here, we aim to quantify the impact of triggering method, canopy
structure, footprint size, pulse density and scan angle on hlidar, canopy
height estimated from modelled lidar pulse interactions with 3D
forest canopy models of two distinct types, across a range of canopy
densities. Given that many operational lidar systems are of the
discrete-return variety (although full-waveform systems are rapidly
being adopted), this work focuses on such systems. However both the
structural and radiometric models presented below can be used
equally well to explore sensitivity of full-waveform returns. Indeed,
results presented below are generated through full-waveform
simulations that are then processed to mimic a discrete-return
system. Our study contributes to a better understanding of the nature
of modelled discrete-return lidar returns from within forest canopies.
This has been identiﬁed as a requirement by Næsset (2009a), and this
approach could, if validated: (i) contribute to a better understanding
of the nature of lidar; (ii) enable more efﬁcient and cost-effective
planning of lidar surveys and handling of the lidar datasets; and
(iii) improve our knowledge of the information content of lidar
signals from forest canopies.
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Fig. 1. Schematic illustration of the relationship between lidar-derived canopy height, hlidar, and ‘true’ canopy height, hcanopy. Also shown is the dependence of hlidar on canopy
structure. The height-of-median-energy (HOME) is shown in each case for comparison. Left: an idealised full-waveform return of a Gaussian lidar pulse (dotted line, width σpulse)
striking a ﬂat vertical surface at ‘true’ height hcanopy and with small height uncertainty represented by a narrow Gaussian distribution (solid line, width σcanopy). Centre: the same
pulse striking a surface with normal oriented at 30° to the direction of the lidar pulse. Right: simulated lidar returns from two realistic 3D canopies of the same height, but with
canopy 1 (solid line) having a greater quantity of crown material towards the top of the canopy than canopy 2 (dashed line). The two returns are offset on the x-axis to show them
more clearly.

2. Materials and methods
2.1. Forest models
Detailed 3D structural representations of two canopies, one
broadleaf deciduous and one evergreen needleleaf were used to test
the impact of lidar system characteristics on lidar-retrieved canopy
height, hlidar. The birch canopy (broadleaf) represents a natural forest
canopy, across a range of low to moderate leaf area index (LAI), with
small within-stand tree height variation. The pine canopy (needleleaf)
represents a mixed-age stand (5 to 20 years) with much greater tree
height variation. Understory vegetation was not included here. The
modelled forests are relatively short-stature but provide a good test of
the impact of system characteristics on discrete-return lidar due to
the relatively small distances between top-of-canopy and ground;
mixtures of tree heights (i.e. heterogeneous stands); and variation in
canopy structure, which will tend to be less pronounced in more
mature, closed forest canopies (Hopkinson, 2007). In these cases,
uncertainties in the returned heights due to system characteristics are
likely to have their largest impact (relative to canopy height), and will
also be most difﬁcult to separate from tree and stand characteristics in
practice. Canopy structural characteristics are summarised in Table 1.
2.1.1. Downy birch (Betula pubescens) model
3D birch tree structure was derived from the OnyxTREE© software
(www1) (Fig. 2). The model was parameterised to generate 3D
structure matching observed tree height and LAI measured in a birch
forest site in Sweden (Disney et al., 2009). Eight individual forest plots
of 30 × 30 m were measured as part of the ABACUS project (Arctic
Biosphere Atmosphere Coupling Across Multiple Scales, www2)
during 2007. In each plot, every tree was labelled and tree height,
diameter at breast height (dbh) and crown size (maximum crown
extent in the NS and EW directions) were measured. Ten individual

trees were generated using OnyxTREE©, with height, dbh and crown
sizes spanning the range of observed values. The resulting model
output was ﬁltered to a modiﬁed version of the Wavefront OBJ 3D
format used by the librat optical model (see below, and Lewis, 1999).
Leaves were added with a leaf size distribution determined through
ﬁeld measurement. Leaf shape was derived from photography of
leaves collected in the ﬁeld. Leaf surface reﬂectance and transmittance
were assumed Lambertian, with a single associated reﬂectance and
transmittance value per waveband (see Section 2.1.3).
Four birch stands of varying stem density (933, 1867, 2800, 3733
stems ha− 1) were generated. Each stand contained trees selected
randomly from the sample described above, and ‘cloned’ (i.e. replicated
in computer memory via rotation and translation of an existing tree
object) randomly on a Lambertian ‘soil’ background (see Section 2.1.3)
over a 600 × 600 m region according to the four pre-deﬁned stem
densities. Each cloned tree was rotated randomly in azimuth and
separated from all other trees by a minimum of 1 m. To avoid edge
effects (the possible loss of scattered radiation out of the scenes
horizontally) the 600 × 600 m regions were themselves cloned out to a
distance of N10 km on a side, ensuring the forest was essentially inﬁnite
Table 1
Stand characteristics of 3D modelled birch and pine canopies. LAI is stand average leaf
area index; PAI is stand average plant area index (i.e. including all branch and trunk
material).
Canopy

Stem density
(ha− 1)

LAI
(m2 m−2)

PAI
(m2 m−2)

Mean height
(± 1σ) (m)

Min, max
height (m)

Birch

933
1867
2800
3733
493
1107

0.26
0.52
0.79
1.04
2.78
6.23

0.33
0.65
0.98
1.31
3.37
7.55

2.37 ± 1.42
2.74 ± 1.49
2.97 ± 1.47
3.38 ± 1.42
5.87 ± 2.94
6.49 ± 2.81

0.1, 6.72

Pine

0.1, 12.27
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Fig. 2. A 10 × 10 m section of birch canopy (LAI 0.79), simulated with the librat optical model at a wavelength of 850 nm (left), at a view angle of 55°; (right) 1 × 1 m zoom within the
canopy showing leaf detail.

in all directions. Finally, two instances of each canopy were created, with
different locations for the cloned trees in each case. This provides two
separate realisations of each canopy with the same stand-level
properties, to avoid the possible inﬂuence of effects caused by the
particular location of a given set of trees.
2.1.2. Scots pine (Pinus sylvestris) model
3D conifer structure was based on that described in Disney et al.
(2006) (Fig. 3). Individual 3D trees were parameterised to match
observed height, diameter-at-breast-height (dbh) and growth rates of
a managed pine forest in the southern UK. The 3D tree structural
information behaviour was derived from the PINOGRAM model of
Leersnijder (1992), modiﬁed as described by Disney et al. (2006).
Individual needles were placed on the pine trees according to
observed size and spacing.
For the construction of forest stands 5 instances of trees of ages 5, 9
and 20 years were generated from separate random seed values and
then ‘cloned’ as described above in equal numbers in each stand. Two
stand densities were created, representing low and high density cases
(493 and 1107 stems ha− 1 respectively), with the same number of
trees of each age class in each stand (and hence the same height
variation). The stands used here are intended to produce a larger
range of within-stand age (and hence height) variation than would be
expected over plantation conifer stands, more akin to natural conifer
stands (see Table 1). As above, two separate instances of each canopy

were generated, with different tree locations but the same stand
characteristics. The stand properties of both canopies are listed in
Table 1.
2.1.3. Radiometric properties
The radiometric (reﬂectance and transmittance) properties of the
trunk and bark scattering elements within each scene were taken
from the LOPEX database of laboratory-measured reﬂectance spectra
(Jacquemoud et al., 1996). Birch leaf reﬂectance and transmittance
properties were taken from ﬁeld measurements made using an
integrating sphere (Analytical Spectral Devices Inc., Boulder, CO). Pine
needle reﬂectance and transmittance properties were taken from the
LIBERTY model of Dawson et al. (1998). We note that in the original
model the ﬁrst term of the numerator in equation (16) of Dawson
et al. (1998) is incorrectly divided by the denominator. This caused
reﬂectance and (particularly) transmittance to be underestimated
(pers. comm., Dawson) but is corrected here. In all cases, soil
reﬂectance was considered to be Lambertian and the spectral
behaviour was derived from the basis functions of Price (1990).
2.2. Monte Carlo ray tracing
To simulate the lidar signal the librat model was used, operating in
lidar mode. Librat is a (modular) development of the ararat/drat
Monte Carlo ray tracing (MCRT) model of Lewis (1999) with a more

Fig. 3. A 10 × 10 m section of pine canopy (LAI 2.78), simulated with the librat optical model at a wavelength of 850 nm (left), at a view angle of 55°; (right) 1 × 1 m zoom within the
canopy, showing needle detail.
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efﬁcient sampling scheme for multiple scattering. Disney et al. (2000)
review issues of implementation in ray tracing for remote sensing
applications, as well as describing the underlying concepts of MCRT in
more detail. In brief, MCRT involves estimating the radiative transfer
regime of a canopy stochastically by solving for interactions of sample
‘rays’ propagating through a scene from source to sensor or vice versa.
In this work, the librat model is applied in reverse mode i.e. primary
rays are ‘ﬁred’ from the sensor in the direction of the scene. Where a
ray intersects a scene object (leaf, needle, branch, soil etc.), a test is
performed to determine whether the intersection point can directly
receive radiation from the illumination source (of ﬁnite horizontal
extent in the case of a lidar beam). Attenuation along a ray path is
calculated by modulating the signal according to the spectral
reﬂectance and transmittance properties of the scene elements at
each intersection point (assumed Lambertian here). At each intersection of a ray with a scene element, diffuse sampling rays are ﬁred i.e.
further ray paths are generated to sample the possible routes by
which diffuse (multiple scattered) illumination from the source might
arrive at that point, in addition to the direct path from the
illumination source (Lewis, 1999). Termination of a diffuse sampling
ray path is achieved when either the ray escapes from the scene to the
‘sky’, or illumination source, or when a ﬁxed number of interactions
(scattering orders) is reached. We use 100 orders of scattering here,
although in practice very little energy remains after the ﬁrst 10 or so
interactions, even in the near infra-red where absorption is low. A
lidar waveform is simulated for each wavelength by quantising
(binning) simulated radiance as a function of time (distance from the
sensor). In this study the illumination and sensor ‘beam’ characteristics are assumed to be circular with a Gaussian weighted sensitivity
response over the ﬁeld of view (of both sensor and illumination). The
simulated footprint diameter is deﬁned as the region covered by the
Gaussian illumination response out to 2.5σ at nadir (becoming
elliptical at off-nadir viewing/illumination).
MCRT is an inherently stochastic process, with each ray only
sampling one of a potentially inﬁnite number of possible paths
through the canopy. However, by using multiple (N) ray samples for
each image pixel, convergence towards a stable solution is achieved at
a rate of N− 1/2. The speciﬁc number of rays used is a function of the
size of the simulated image (and the complexity of the scene to be
simulated) and is chosen to provide a solution with a SNR N some
threshold (≈1000 in this case). This SNR typically required ∼ 3 × 105
‘photons’ (ray paths) per simulation.
A number of MCRT codes have been applied to the issue of
radiative transfer in vegetation (Disney et al., 2000; Widlowski et al.,
2007; Disney et al., 2009). Such models, while comparatively slow and
requiring detailed 3D structural information, require minimal
assumptions for solving the RT problem in vegetation. As a result,
these models are now in use as a benchmarking tool for testing other,
more approximate models of vegetation scattering (Widlowski et al.,
2008).
The librat code (available as an unsupported source code
distribution from www.geog.ucl.ac.uk/~plewis/bpms/src/lib) has
been tested against a range of other models as part of the RAdiative
Transfer Model Intercomparison (RAMI) exercise (Pinty et al., 2004;
Widlowski et al., 2007), as well as against observations (Disney et al.,
2006, 2009).
2.3. Experiment details
Five experimental scenarios were used to assess the impact of
various hypothetical lidar acquisition characteristics on estimates of
canopy height derived from the modelled lidar returns, hlidar, (i.e.
height of the canopy at a speciﬁed point) using the 3D canopy models.
In each case we vary only the parameter measured i.e. all other
parameters are held constant and scans are at nadir unless stated
otherwise. The signal return per unit area is normalised to remove the
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issue of reduced energy per unit area (e.g. with increasing footprint
size), allowing examination of system and survey-dependent parameters separately.
2.3.1. Experiment 1: signal triggering mechanism
Using the highest density birch (3733 stems ha− 1) and pine
(1107 stems ha− 1) canopies, footprint size of 0.5 m, and Gaussian
noise added to the signal. For signal triggering method, the densest
canopies were used as this is the case where triggering method will
tend to have the largest impact. The steeper the return response and/
or the higher the SNR, the less important the choice of triggering
method will be and the smaller any canopy height underestimate is
likely to be.
2.3.2. Experiment 2: canopy structure
Considering multiple trees of each type (ten birch and ﬁve in each
age class of pine i.e. 5, 9 and 20 years), hlidar was simulated for a
footprint size of 0.2 m on a 20 × 20 grid covering each tree crown, with
a vertical bin size of 0.1 m. This allowed calculation of mean (and
standard deviation) for each of the 400 footprint locations based on
multiple crown instances. The horizontal footprint spacing was 7 cm
for the birch crowns and 24 cm for the pine crowns. ‘True’ height in
this case is actually the mean maximum crown height of all trees of
that type, rather than hcanopy, which is used in all other experiments.
2.3.3. Experiment 3: footprint diameter (illuminating area)
Considering 10 footprint diameters (0.1 to 1.0 m in steps of 0.1 m),
for all canopy densities (4 for birch, 2 for pine). Illuminating area was
varied correspondingly in each case (corresponding to IFOV, or beam
divergence, of 0.1–1 mrad).
2.3.4. Experiment 4: sampling density
Considering 4 different densities of lidar points (0.5, 1, 2 and 4
points per m2 i.e. 50, 100, 200 and 400 points respectively), with ﬁxed
footprint size (0.2 m) and canopy density (1867 stems ha− 1 for birch,
1107 stems ha− 1 for pine). Each point was randomly located within a
10 × 10 m area of the canopy.
2.3.5. Experiment 5: scan angle
Considering 6 viewing (illumination) angles, from 5 to 30° in steps
of 5°, with ﬁxed footprint diameter (0.2 m), over all canopy densities.
Simulations were performed at 1064 nm with direct illumination
only i.e. not considering the impact of ambient solar radiation. For ALS
instruments with footprints typically b2 m the solar signal will
typically be small (e.g. for a lidar pulse at 1064 nm, for a 1 m diameter
laser footprint at an altitude of 600 m the solar background intensity
will be b1 × 10− 3 W m− 2). For larger footprint instruments at higher
altitude this background component may be signiﬁcant. Hofton et al.
(2000) show that for the LVIS instrument at 8 km with a footprint of
30 m, the background component may be as much as 15% of the
maximum signal.
For each experiment (except for sampling density and canopy
structure) 16 replications of each simulation were carried out at
different locations within a 30 × 30 m portion of the canopy to
quantify the impact of canopy spatial heterogeneity on hlidar. Thus,
variations in the resulting simulations could be ascribed to either the
modelled lidar system characteristics or to varying experimental
parameters, distinguishing them from canopy characteristics at a
speciﬁc location within the canopy. The vertical quantisation (bin
size) for lidar returns was 0.2 m in all cases except for experiment 2
(canopy structure) where it was 0.1 m, and experiment 5 (scan angle)
where the bin size was moderated by the scan angle, θ, along the lidar
path as 0.2/cosθ, making the bin size 0.23 m at θ = 30°.
Experiment 2 includes analysis of the impact of canopy structure
i.e. the horizontal and vertical arrangement of material in tree crowns,
which is an environmental, rather than system characteristic.
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However, the incidence of the lidar signal on a particular part of a tree
crown (e.g. the ‘shoulder’ rather than the apex) introduces additional
uncertainty into estimates of canopy height at a particular point (Véga
and St-Onge, 2008; Kato et al., 2009). The total uncertainty in a lidarderived estimate of canopy height, Δhlidar, is thus a function of several
sources of uncertainty i.e.


Δhlidar = f Δht ; Δhb ; Δhc ; Δhsurvey

ð1Þ

where Δht is the uncertainty due to the signal triggering method
selected (likely to be an offset, and a function of the instrument SNR
and footprint size); Δhb is the uncertainty due to the vertical
quantisation of the return signal (referred to as bin size here),
which will be ﬁxed for a given system; Δhc is the uncertainty due to
individual tree canopy structure (also likely to be a function of
footprint size); and Δhsurvey is the uncertainty due to variations in
survey-speciﬁc parameters such as sampling density (or PRF), scan
angle etc. which will tend to be under the control of the surveyor. The
terms in Eq. (1) are likely to be covarying in many cases, making them
hard to separate and quantify. Δhc is perhaps the most difﬁcult to
quantify in practice as it requires a priori knowledge of the canopy
type and density (Sun and Ranson, 2000), or the ﬁtting of some type of
geometric model of crown shape such as cones or spheroids (Persson
et al., 2002; Riaño et al., 2004). As a result, Kato et al (2009) have
recently proposed a generic method to capture crown shape from
discrete-return lidar data. Δhlidar is imposed on the height variation
caused by the natural spatial variability of the target, which is the
desired signal.
2.4. Creation of the discrete-return lidar dataset
As described above, the librat lidar simulations record the
simulated radiance/reﬂectance signal as a function of distance from
the sensor (in fact ‘time of travel’) i.e. it simulates a full-waveform
lidar signal, sampled at some speciﬁed ranging bin size. The resulting
waveforms were sub-sampled in order to create a discrete-return
lidar dataset. In experiment 1, noise with mean = 0 and σ = 1%, 5% of
cumulative signal was added to the simulated signal to illustrate the
various choices of algorithm under conditions of instrument and/or
background noise (in addition to the inherent simulation noise of the
MCRT process described above). We deﬁned a threshold of 0.05%
reﬂectance for the simple threshold and the (CFD) triggering method.
For the track-back triggering method we used a mean noise level of
half the reﬂectance threshold (varying), and located the ﬁrst point
prior to the signal exceeding the threshold where the signal ﬁrst fell
below the mean noise level.
In experiments 2–5 we did not consider (added) noise in the
simulated signals and we used a simple cumulative threshold to
generate hlidar (see below). The heights of lidar returns above the
ground were calculated given their distance from the camera and the
scanning angle. Without detailed information regarding the triggering
method used in commercial ALS systems, the choice of triggering
method is arbitrary. Using the simplest method across all simulations
allowed us to isolate the effects of the other system characteristics
more easily and we discuss all subsequent results in the light of this
choice, given the outcomes of experiment 1. We note that this choice
of triggering method will tend to give hlidar much closer to ‘true’
canopy height than methods based on cumulative energy returns, as
illustrated in Fig. 1.
2.5. Height metrics
A range of stand-derived height metrics could be calculated from
the simulated lidar signal to estimate the impact of the instrument
characteristics and the choice of height can be important (as described

above and in Fig. 1). Canopy height derived from canopy-only returns
has a major impact on the derived Digital Surface Model (DSM) or
Canopy Height Model (CHM) (Zimble et al., 2003; Maltamo et al.,
2004), while the number of ground hits is a function of the canopy gap
probability.
Here, we deﬁne hlidar as the mean ﬁrst-return height (above the
threshold) of the simulated lidar signal over the speciﬁed footprint,
derived from multiple simulated lidar points, plus the associated
variance due to the spatial variability of the canopy over these
multiple points. We deﬁne ‘true’ canopy height, hcanopy, at a particular
point by simulating the height ﬁeld of each canopy over a
2048 × 2048 grid (i.e. ﬁrst interception height of any ray intersection
in the scene), then calculating the mean value of a (Gaussian)
‘footprint’ of 0.1 m diameter convolved with the height ﬁeld at that
point. In this way, large variations in hcanopy due to considering a very
small, particular location are avoided (hcanopy can vary by several m
over a few cm horizontally due to gaps in the foliage where the
ground is visible). For experiment 2, carried out over individual tree
crowns, the height ﬁeld (tree height in this case, rather than hcanopy)
had a horizontal resolution of 1 mm for birch and 0.5 mm, 1.22 mm
and 2.5 mm for pine trees of age 5, 9 and 20 years respectively. For
experiments 3–5, where simulations were carried out over the wider
canopy, the horizontal resolution of the height ﬁelds was 2.44 cm.
Statistical differences between hlidar values were calculated using
independent two-sample t-tests.
3. Results
3.1. Experiment 1: signal triggering mechanism
Fig. 4 shows examples of ﬁrst-return heights for simulated birch
(left) and pine (right) canopies, using the track-back method, a simple
threshold and a cumulative threshold (CFD), for a return at nadir. The
heights recorded in Fig. 4 are the ﬁrst returns recorded from
whichever part of the canopy ﬁrst intercepts the lidar beam at that
particular point (assuming it is not a ground return). This will almost
always tend to be at a lower height than the maximum tree height (for
a particular tree), as it can be any part of the crown, as described
above. The ﬁrst interception heights for the three signal triggering
methods in this example were 4.465 m (CFD), 4.665 m (threshold)
and 4.865 m (track-back) respectively for birch; 8.146 m (CFD),
8.146 m (threshold) and 8.246 m (track-back) respectively for pine.
Figs. 5 and 6 show the result of applying the three different signal
triggering methods (track-back, threshold, and CFD) to the simulated
returns from the highest density simulated birch and pine canopies
respectively, for two noise levels (1% and 5%). The separation between
the lines on the y-axis indicates the difference in ﬁrst interception
height from hcanopy as a function of the different signal triggering
methods. Figs. 4 and 5 express the impact of Δht, the uncertainty in
hlidar due to signal triggering method from Eq. (1) and footprint size,
on Δhlidar (i.e. hcanopy − hlidar).
For birch, the mean values of hlidar retrieved using the track-back
method differ signiﬁcantly from the other methods (P = 0.07) only for
footprints 0.4, 0.6, 0.8–1.0 m for the 1% noise case, and only for
footprint 0.4 m in the 5% noise case. For pine, the mean values of hlidar
retrieved using the track-back method differ signiﬁcantly from the
other methods (P = 0.06) only for footprint 0.1 m for the 1% noise
case, and for footprints 0.3 and 0.4 m in the 5% noise case. The impact
on retrieved hlidar of Δht is broadly consistent for the two canopies,
between 0.05 and 0.35 m difference between the highest and lowest
returned hlidar in the majority of cases, but with the track-back method
performing best, in the sense of giving the lowest Δht i.e. in general
Δht, track-back b Δht, thresh, Δht, CFD.
For birch, Δhlidar is relatively constant with footprint size due to the
ﬂatter crown shape (see below). The spatial variation is larger at small
footprint sizes, when the possibility of getting a return from near the
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Fig. 4. First part of a simulated lidar return over birch (left) and pine (right) canopies, for a footprint of 1 m, showing four methods for triggering a top-of-canopy ﬁrst return. The axes
and key are the same for both plots: gray bars are the original signal in 0.1 m height bins, counted from the ground (x-axis); black dots are the full response plus 1% noise (mean value
shown at 2.5 × 10− 4); an arbitrary signal threshold is shown at 5 × 10− 4; cumulative signal response is shown on the right-hand y-axis. The vertical lines in each plot represent the
height values returned by the track-back, simple threshold and a cumulative threshold (CFD) methods.

edge of the crown is greater. The impact on Δhlidar of the various signal
triggering methods is consistent, underestimating hcanopy by between
0.18 and 0.78 m for the 1% noise case, and 0.26 and 0.81 m for the 5%
noise case. This equates to underestimates of hcanopy between 5% and
55% for birch, and 5% to 45% for pine. As for pine, the track-back
method returns the lowest (or equal lowest) Δhlidar in all cases i.e. Δht,
track-back b Δht, thresh, and Δht, CFD.
3.2. Experiment 2: canopy structure
Figs. 7 and 8 show the impact of canopy structure on the variation
in hlidar across the crowns of a various birch and pine trees
respectively, for a footprint size of 0.2 m on a 20 × 20 grid in each
case. The crowns represent contrasting structural types with quite
different vertical and horizontal distributions of scattering leaf and
branch material. Fig. 7 illustrates the impact of the different vertical
distributions of canopy material on the lidar return, with the vertical
proﬁles of mean hlidar (±1σ) calculated across all crowns of each type.
Fig. 8 shows the impact of the horizontal variation of canopy structure
on hlidar (±1σ) across all crowns of each type.
Across all birch crowns, the mean and standard deviation of hlidar
was 3.97 ± 0.47 m, against a true (tree) height of 4.58 ± 1.40 m,
where the true hcanopy for a single tree was assumed to be the very top

of the crown (as in an allometric relationship for example). For the
pine crowns, the mean and standard deviation of hlidar was 0.85 ±
0.22 m for age 5 (true value 1.32 ± 0.07), 1.74 ± 0.76 m for age 9 (true
value 3.39 ± 0.13), and 7.15 ± 3.27 m for age 20 (true value 11.99 ±
0.27). These ﬁgures highlight the very different impact of canopy
structure on retrieved hlidar. For the birch crowns, hlidar can over- or
underestimate true height by up to 11% and 45% respectively, but the
underestimate is generally small (mean 13% over all crowns). For the
pine crowns, hlidar was always an underestimate of the true height and
varied between 12 and 70% for age 5 (mean 40% over all crowns),
9–83% for age 9 (mean 48% over all crowns), and 3–48% for age 20
(mean 29% over all crowns). The pine crowns of age 9 showed the
largest range and potential for underestimate. The reason for this is
clear from Fig. 7, which shows signiﬁcant returns all the way up
through the canopy due to the distribution of material. In the age 5
crowns, the footprint is either close to the tree apex or not, as the
tree height is much smaller relative to the footprint size. In the age
20 crowns, material is distributed much more towards the upper
part of the canopy and consequently returns are much more likely
from this part.
The ﬂatter, less horizontally variable birch crowns showed smaller
overall variations in returned hlidar than the more steeply-sloped
conifers. As a result hlidar could both over- or underestimate true

Fig. 5. Height difference Δhlidar (i.e. hcanopy − hlidar) of three ﬁrst signal triggering methods as a function of footprint size, for the densest birch canopy, with 1% (left) and 5% (right)
added noise. Error bars show 1σ from the mean over 16 footprint locations. Results for each footprint are offset by 0.01 either side of their corresponding x-axis values in order to
distinguish them.
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Fig. 6. Height difference Δhlidar (i.e. hcanopy − hlidar) of three ﬁrst-return signal triggering methods as a function of footprint size, for the densest pine canopy, with 1% (left) and 5%
(right) added noise. Error bars show 1σ from the mean over 16 footprint locations. Results for each footprint are offset by 0.01 either side of their corresponding x-axis values in order
to distinguish them.

(tree) height depending on the footprint location. This contrasts with
the pine crowns where hlidar varied from close to the ground to near
the true height depending on the location of the footprint. Fig. 8
shows clearly how hlidar varies signiﬁcantly over only a few cm
horizontally for the pine, but much less so for the birch. The mean
values of hlidar reﬂect the crown shapes quite clearly, as does σhlidar for
the pine ages 5 and 9 years. However σhlidar is much more spatially
variable for the birch and pine age 20 years, particularly at the crown
edges, due to the potentially large changes in hlidar there.
3.3. Experiment 3: footprint size
The impact of footprint size on retrieved hlidar is shown in Fig. 9, for
canopy points only. Here we use ﬁxed nominal altitude and vary the
beam divergence to examine the impact of footprint size on returned
height (with constant energy per unit area). For each density, the
mean (true) canopy height over the whole canopy is also shown.

Fig. 10 shows examples of full-waveform simulated returns for
footprint sizes of 0.2 m and 0.8 m, and illustrates the difference that
the footprint size can have on hlidar.
From Fig. 9 values of hlidar increase slightly with increasing
footprint size, as might be expected given that there is a greater
probability of hitting the upper parts of the canopy with wider
footprint (see Fig. 10). The converse effect would generally be
expected if pulse energy were decreasing with footprint size (ﬁxed
pulse energy and changing altitude and/or beam divergence say), as
reduced energy per unit area would require greater penetration
through the canopy to return sufﬁcient energy to trigger a return,
leading to generally reduced hlidar with increasing footprint size
(Hopkinson, 2007).
Here, the increase of hlidar with increasing footprint of effect is less
apparent in the sparse pine canopy where tree crowns are large and
the gaps between crowns are greater (Persson et al., 2002).
Considering canopy-only returns, increasing footprint size from 0.1

Fig. 7. Impact of variations in canopy structure on lidar return. Vertical proﬁle of mean lidar returns (± 1σ) across all birch crowns and all pine crowns of each age class as a function
of height in the canopy. Values were calculated from footprints of 0.2 m diameter across each crown on a 20 × 20 grid (spacing ∼7 cm for birch, and ∼24 cm for pine).
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Fig. 8. Impact of variation in canopy structure on lidar return across all tree crowns. Top row: variation in mean simulated hlidar for a footprint of 0.2 m diameter across all birch and
pine crowns on a 20 × 20 grid. Bottom row: 1σ for mean simulated hlidar.

to 1.0 m increased retrieved hlidar by between 0.5 and 0.8 m (21–24%)
for birch, and 0.3 and 0.8 m (7–17%) for pine. As footprint size
increased, the retrieved hlidar approached mean hcanopy in all cases,
exceeding it in some cases, particularly in the pine canopy where
some proportion of the larger footprint was returned from progressively higher in the crown due to the large crown height variation
over small horizontal distances. The inﬂuence of footprint size on hlidar
was more apparent in dense stands, as also noted by Goodwin et al.
(2006) who found that denser plots showed the greatest variability in
CHP.
3.4. Experiment 4: sampling density
The impact of survey sampling density on retrieved hlidar is shown
in Fig. 11. The main effect is to increase the number of points hitting
the top of the canopy, resulting in an upward shift in hlidar. Results are

shown for four different sampling densities in each case, and
considering canopy-only returns. Results showed that higher sampling density providing retrieved hlidar closer to mean hcanopy.
However, the values of hlidar from varying point densities were not
signiﬁcantly different from the mean hcanopy except for sampling
density b2 m− 2 for birch (P b 0.1).
3.5. Experiment 5: scan angle
Fig. 11 shows the impact of scan angle on mean retrieved hlidar for
birch (left) and pine (right), for varying canopy density. Results from
canopy-only returns are considered in each case. Increasing scan
angle increased the number of ﬁrst-return points hitting the canopy
due to the increased path length through the canopy, as well as ﬁrstreturn points coming from nearer the top of the canopy. Consequently
the mean retrieved hlidar increased when considering canopy-only

Fig. 9. Mean hlidar for birch (left) and pine (right), as a function of lidar footprint size, for canopy-only returns. The error bars are 1σ about the mean resulting from canopy spatial
variation. Results for each canopy stem density, ρ (933, 1867, 2800, 3733 stems ha− 1 for birch; 493, 1107 stems ha− 1 for pine) are offset either side of their corresponding x-axis
values in order to distinguish them. Mean hcanopy corresponding to each canopy density are shown as the horizontal lines.
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4. Discussion
4.1. Experiment 1: return triggering mechanism

Fig. 10. Full lidar waveform for the same point in a birch canopy for footprints of 0.2 m
and 0.8 m diameter. Signal is not binned unlike Fig. 3 in order to illustrate both
waveforms on the same plot.

points, with mean hlidar exceeding mean hcanopy by 8% for birch, and
19% for pine at a scan angle of 30° (signiﬁcant difference from mean
hcanopy at P b 0.1) (Fig. 12). The greater variation for the conifer canopy
is a result of the much greater crown height variation. Maximum
canopy height generally increased with increasing scan angle, but
only for the pine canopy where the maximum height increased
signiﬁcantly from nadir to 30° (P b 0.05) by 17% from nadir to 30°.

3.6. Summary
Fig. 13 summarises the impact of each experiment on the values of
retrieved hlidar, expressed as the difference between hlidar and hcanopy
as a percentage of hcanopy i.e. (hlidar − hcanopy) / hcanopy. This ﬁgure also
highlights the shapes of the distributions. For the noise experiment,
only the 5% added noise case was included; for the footprint, density
and scan angle experiment, results are aggregated across all cases
(weighted by the number of instances in each case). Results indicate
that the choice of footprint size, sampling density and scan angle all
have a measurable (in many cases signiﬁcant) impact on discretereturn lidar signals. These parameters generally cause hlidar to
underestimate hcanopy and typically have an impact of b20% on
mean retrieved hlidar.

Experiment 1 demonstrates the impact the choice of triggering
method can have on the lidar-derived canopy height, hlidar (Hopkinson, 2008). The differences between the various signal triggering
methods varies with the nature of the target, larger footprints and/or
higher noise tending to cause larger differences due to the reduced
vertical precision of the return signal (in proportion to the pulse width
convolved with the ‘true’ canopy height uncertainty as shown in
Fig. 1). Fig. 4 demonstrates that noise will increase uncertainty in
retrieved height and that the track-back type method gives the hlidar
closest to hcanopy in both cases. The track-back method is more robust
to the presence of noise as it explicitly considers the noise level as well
as the size of the return in each bin. Methods based on thresholds
(including cumulative methods such as CFD) can always return values
much lower or higher than hcanopy, and this will be exacerbated in the
presence of noise. So the choice of threshold becomes critical, and is
difﬁcult to determine robustly a priori as it will also be sensitive to
canopy structure. This is also seen in Fig. 4 (and in more detail in
Fig. 7) with the lidar returns from the much ﬂatter birch crown mostly
concentrated within about 1–1.5 m vertically. For the pine canopy,
crown returns are spread over a much greater range of heights and
increase in intensity with increasing depth through the crown, so the
location of the footprint becomes much more important. Returns from
crowns of this shape will, ceteris paribus, be more sensitive to the
choice of signal triggering method and footprint size for a given pulse
intensity. More energy will also be scattered back towards the lidar
sensor from higher in the canopy for dense canopies, for a given
footprint size and pulse intensity. This illustrates the potentially
rather complex relationship between canopy structure, footprint size,
return energy and the way in which a return is triggered (Hopkinson,
2007).
Spatial variability causes larger variations in Δhlidar than the
difference between the three signal triggering methods. The most
noticeable difference between the canopies is the slightly increasing
Δhlidar with footprint size for pine (but not birch), a clear consequence
of the difference in canopy structure. These results indicate that lidar
measurements based on discrete-return systems will underestimate
retrieved canopy height, hlidar, and that this underestimation is a
function of the triggering method and the canopy structure.
4.2. Experiment 2: canopy structure

Fig. 11. Mean retrieved hlidar for the birch and pine canopies as a function of lidar
footprint density, for canopy-only simulated lidar returns. The error bars are 1σ about
the mean resulting from canopy spatial variation (50, 100, 200 and 400 randomly
located points for point density 0.5, 1, 2, and 4 m− 2 respectively). Mean hcanopy is shown
for both canopies (these are slightly different values to those shown above as they are
over a 10 × 10 m region in the centre of the canopy, rather than the full canopy
simulated previously).

Results shown in Figs. 7 and 8 clearly illustrate the impact of both
the vertical and horizontal variation of canopy structure on retrieved
hlidar respectively and indicate the likely coupling of this with the
signal triggering method (Næsset, 2009b). In particular the vertical
distribution of canopy material has a large impact on the return signal
and is quite different between canopy types, and even within different
age classes of the same species (Hopkinson, 2007). Other studies have
suggested that canopy structure (both at the crown and stand-level)
can have a signiﬁcant impact on retrieved hlidar through the
differences in the ability of pulses to penetrate the crown, and the
depth through the canopy required to reﬂect sufﬁcient energy to
trigger a measured height value (Chasmer et al., 2006a; Hopkinson,
2007). Hopkinson (2007) notes the difﬁculty of accounting for canopy
structure in lidar surveys, partly due to its multiple, coupled effects.
The variation in Δhc, the uncertainty in hlidar due to canopy
structure, is an important factor in using lidar data either to identify
the canopy type (if not known a priori), or for parameterising
allometric relationships to estimate canopy biomass. Typically canopy
structure information is derived through empirical models of canopy
structure, considering geometric crown envelopes (spheroids, cones
etc.) (e.g. Sun and Ranson, 2000; Persson et al., 2002; Riaño et al.,
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Fig. 12. Mean hlidar for birch (left) and pine (right), as a function of scan angle, for canopy-only returns. The error bars are 1σ about the mean resulting from canopy spatial variation.
Results for each canopy density are offset either side of their corresponding x-axis values in order to distinguish them. Mean hcanopy values corresponding to each canopy density ρ
(see Fig. 9) are shown as the horizontal lines.

2004). However, we see here that such models may struggle to
capture the variation in canopy structure accurately. Kato et al. (2009)
have proposed a more generic method of determining tree crown
volume from lidar data using a wrapped surface approach, but this in
turn requires detailed (high density) lidar survey with returns from
within the crown and ideally over well-separated crowns for accurate
crown shape determination. It is also apparent that the impact of Δhc,
will be more apparent in lidar surveys with lower sampling density,
particularly in conifer-type canopies dominated by steeply sloping
crowns, and/or in areas of steep topographic variation.
In addition Δhc will not necessarily be characteristic of a particular
species, or even consistent over time. Canopy structure (and hence
the impact of Δhc) can vary during the growth process (see Fig. 8) and
may also depend on environmental factors such as the proximity of
other trees, slope and aspect etc. This was shown in a recent study of
Næsset (2009b) where greater underestimation of hlidar was found for
young birch trees than for young conifers. This study was focused on
the boreal–alpine transition zone, where young birch trees are bushlike, having one or two thin major stems which are not easily
detectable (Næsset, 2009b).
Thus, comparing various sources of uncertainty expressed in
Eq. (1), and given that Δhb is ﬁxed here at 0.2 m, Δht can cause
underestimates of the true canopy height at a given point, hcanopy, of
typically 5–15% but N70% at times (see Fig. 13). Δht is weakly a
function of the canopy type (i.e. canopy structure), due to the

Fig. 13. Summary of the impact of the various experiments on the difference between
hlidar and hcanopy, expressed as a percentage of hcanopy. The boxes in each case represent
the second and third quartiles of each distribution, about the mean (solid horizontal
line). The upper and lower whiskers represent the range (maximum and minimum
values).

horizontal variation in return strength from the top of the canopy. Δhc
however can result in underestimates of hcanopy by more than 80%, is
strongly spatially variable and will be a function of sampling density,
footprint size and scan angle. It should be noted that although these
variations are quite large, they are derived by focusing on individual
crowns only (by deﬁnition) and so will tend to average out over wider
areas, depending on tree spacing and the degree of canopy closure.
4.3. Experiment 3: footprint size
Footprint size in an airborne lidar survey can vary with ﬂight
altitude, beam divergence, scan angle or platform attitude (roll, pitch,
and yaw) (Hopkinson, 2007; Næsset, 2009a). The slight increase in
hlidar with footprint size found here is consistent with what would be
expected given the experimental set-up i.e. the larger σlidar the greater
the possible variation in hcanopy across the footprint and hence the
greater probability of returns from higher in the canopy (shown in
Fig. 1). This is consistent with the ﬁndings of some empirical studies,
but not all. Potential variations in energy per unit area in empirical
surveys (where ﬁxed pulse power will reduce with increasing
footprint area) will tend to result in a general downshift of hlidar. In
order to make direct comparison between studies, the pulse power
variations in each case would need to be accounted for (Hopkinson,
2007). Hirata (2004) for example found that increasing footprint size
from 0.3 m to 1.2 m increased CHM height by some 0.9 m. Hyyppä
et al. (2009) also cite similar results, particularly for deciduous trees.
Goodwin et al. (2006) (commented on by Næsset, 2009a) reported a
small upward shift in canopy height proﬁles with increasing footprint
size in an empirical study over Eucalyptus, although not at a
statistically signiﬁcant level. They note that increased footprint
diameter resulted in a weaker pulse return and hence had practical
consequences regarding the signal level above which an instrument
records a return.
Other empirical studies have found the opposite effect i.e.
decreasing height with increasing footprint size, as would be expected
for reducing footprint power. Persson et al. (2002) found underestimation of height increased by ∼ 0.6 m with footprint size increasing
from 0.26 to 3.7 m. However this was possibly due to reduced pulse
density (as discussed by Yu et al., 2004a). Hopkinson (2007) also
found a reduction in height with increasing footprint size, although
again, rather small.
Results presented here suggest that ﬁrst-pulse points acquired
using a larger footprint will tend to provide better estimates of tree
canopy height at a given point compared to small footprint estimates
(for equal power). However, studies such as that of Hopkinson (2007)
and Persson et al. (2002) show that in practice, if the larger footprint

Author's personal copy
1558

M.I. Disney et al. / Remote Sensing of Environment 114 (2010) 1546–1560

comes at the expense of reduced pulse energy per unit area then this
tends to result in a general decrease in estimates of mean canopy
height with footprint size due the increased penetration required
before sufﬁcient energy is reﬂected to trigger a return (Lovell et al.,
2005; Hopkinson, 2007). Clearly this will also be a function of the
canopy structure and triggering as discussed above. Hirata (2004)
note that the issue of footprint size is particularly important in
mountainous terrain where the accuracy of the underlying DEM and
positional accuracy of the lidar footprint are crucial in deriving
accurate CHMs.
It should be noted that some studies examining system and survey
characteristics compare canopy height measures over a region or
stand (e.g. Hirata, 2004, Hopkinson, 2007), some consider only
inﬂuences on individual tree height (e.g. Yu et al., 2004b; Persson
et al., 2002), while others examine both (e.g. Goodwin et al., 2006).
Here, we examine stand-average heights in all cases except
experiment 2, where we examine the impact of canopy structure by
looking at individual crowns. This illustrates the difﬁculty of
separating acquisition characteristics such as footprint size and
pulse power in empirical lidar surveys, as well as the different ways
in which the impact of such characteristics can be examined.
A better understanding of the footprint effect can be obtained with
the analysis of the full lidar waveform from which samples are taken
to provide the discrete (ﬁrst/last) return measurements. This is
straightforward to generate using models of the type used here (fullwaveform systems and datasets are also becoming more common in
practice). Fig. 10 shows example waveforms of two footprints coming
from the same point within the birch canopy. A 0.2 m footprint gives a
clear, well-deﬁned ﬁrst-pulse response, but the 0.8 m footprint
returns a response from a higher point within the canopy. Clearly,
the signal triggering mechanism (and the signal noise level) will have
a large impact on the ﬁrst-return height in this case, and the apices of
the trees may not return sufﬁcient power above the SNR threshold of
the lidar system. Goodwin et al. (2006) also suggest that the retrieved
height as a function of footprint size will depend closely on the chosen
threshold. This suggests that in practice the ﬁrst-return trigger
threshold should be reduced (SNR-permitting) as footprint size (or
altitude) is increased in order to preserve sensitivity to returns from
tree apices.

through the canopy to the ground returns will fall off sharply with
increasing scan angle. For the sparsest birch canopy used here ground
returns dropped to zero at scan angles of 30°; for pine this occurred at
scan angles of only 15° due to the taller canopy and greater height
variation across the canopy. Consequently, for taller, more variable
canopies the effects of scan angle are likely to be more pronounced,
resulting in reduced capability to distinguish between crown and
ground returns. When ground detection is the main goal, airborne
lidar surveys over forests should be planned so as to account for stand
height and scan angle effects as far as possible, for example by
minimising data collected at scan angles greater than ∼ 15°.
Lovell et al. (2005) reported a slight impact on retrieved height as
maximum scan angle was increased. However, these results may have
been affected by changing sampling density, given that a ﬁxed pulse
frequency was used (Lovell et al., 2005). This means that as the scan
angle increased, fewer points were obtained. In this study, each
scenario was simulated for a ﬁxed number of points, except in the
sampling density simulations where the number of points was varied
explicitly. It is also interesting that the maximum canopy height,
which is regarded as a relatively stable stand metric from lidar
datasets (i.e. insensitive to variations in acquisition conﬁguration,
Næsset, 1997a; Hopkinson et al., 2006), generally increased with
increasing scan angle for the pine canopy. The orientation of the sides
of the tree crowns towards the sensor will tend to give stronger
responses than those acquired at nadir; as a result higher maximum
values are obtained. Further analysis of the particular case of samples
from the apex of trees is needed to test this hypothesis.
These results indicate that the choice of footprint size, sampling
density and scan angle all have a measurable (in many cases signiﬁcant) impact on retrieved tree and canopy height from discretereturn lidar signals, with the largest effect being due to canopy
structure and the smallest from sampling density. These parameters
typically have an impact of b20% on mean retrieved hlidar. These
impacts are likely to be reduced for taller forest canopies with fewer
gaps. The reduction of canopy gaps will result in less height variation
across the canopy, particularly for deciduous canopies (Hopkinson,
2007), but this will of course, still be a function of the canopy
structure.
5. Conclusions

4.4. Experiment 4: sampling density
The effect of sampling density (or PRF), not surprisingly, is to alter
the number of points hitting the top of the canopy, as seen in Fig. 11.
This impact is manifested by higher sampling density providing
retrieved hlidar closer to mean hcanopy. However, the impact is not large
compared to that seen in the other experiments. Further study on the
sampling density could include the creation of DSMs and CHMs, which
incorporate spatial information (e.g. Hirata, 2004). Goodwin et al.
(2006) found little impact of pulse density on retrieved height of
individual trees (as seen here). However, they note that this ﬁnding is
likely to be highly site-speciﬁc as it will be related to canopy structural
complexity. In addition, sampling density will tend to be a trade-off
with pulse energy and/or footprint size, which as discussed above, can
be difﬁcult to separate in practice. This is another area where model
studies can be used in conjunction with empirical surveys to explore
these dependencies.
4.5. Experiment 5: scan angle
Results showed that increasing scan angle away from nadir
increased the number of ﬁrst-return points hitting the canopy due
to the increased path length through the canopy, as well as increasing
the ﬁrst-return points coming from nearer the top of the canopy.
Unsurprisingly, greater impact is seen on hlidar if all returns are
considered, not just those for the canopy-only, as the penetration

The impact of lidar system and survey characteristics on canopy
height metrics has not always been well-characterised, particularly in
terms of the type and variability of the canopy being surveyed. Here,
the impact of modelled lidar system properties on the retrieval of
information from highly-detailed 3D models of broadleaf and conifer
canopy types of varying density were examined using Monte Carlo ray
tracing simulations of discrete lidar returns. The principle ﬁndings
were as follows:
■ Variation in retrieved hlidar due to choice of signal triggering
method, Δht, resulted in underestimation of true canopy height,
hcanopy, by ∼ 4% for a broadleaf canopy and ∼ 16% for a conifer
canopy, with underestimates of 65% in extreme cases. A ‘trackback’ triggering method more tolerant to signal noise and choice of
threshold provided consistently better (closer to hcanopy) values of
hlidar. The impact of Δht was broadly consistent for both broadleaf
and conifer canopies, with a weak dependence on canopy
structure.
■ Variation in retrieved hlidar due to canopy structure resulted in
underestimates of true (tree) height by 13% (on average) across all
birch crowns (but with over estimates of up to 10% in some cases),
and underestimates of 40%, 48% and 29% (on average) across all
pine crowns of ages 5, 9 and 20 years respectively. The strong
impact of Δhc, the uncertainty in hlidar due to canopy structure, was
shown to be spatially variable, with underestimation of hcanopy by
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N80% (pine) and overestimation of N10% (birch) in extreme cases.
In practice Δhc will also tend to be a function of sampling density,
footprint size and scan angle.
■ Increasing footprint size increased retrieved mean hlidar by up to
24%, but in general the impact was relatively small, with
dependence on the canopy vertical and horizontal structure.
Empirical surveys that do not control for differences in pulse
power variations with footprint size will tend to see hlidar reduce
with increasing footprint size due to reduced energy and hence
increased penetration into the canopy before a return is triggered.
For ﬁxed energy per unit area however, hlidar will typically increase
with footprint size due to increased possibility of returns from
higher in the canopy. In practice, the noise threshold of a lidar
system is likely to constrain the relationship between pulse
penetration into the canopy and footprint size, so Δht will also
be correlated with footprint size.
■ Increasing sampling density generally resulted in an increasing
percentage of points hitting the top-of-canopy with the rate of
increase larger for smaller, less dense stands. Mean retrieved hlidar
was only signiﬁcantly affected by sampling density for the deciduous
(birch) canopy at low sampling density (b2 points m− 2).
■ Instrument scan angle was shown to increase mean retrieved hlidar
by 8% for birch and by 19% for pine, for scan angles of 30°. The
greater variation for the conifer canopy was due to the much
greater crown height variation than in the birch canopy.
3D canopy structural information derived from a range of sources,
including growth models, L-systems (Prusinkiewicz, 2004), or via
measurement (Sinoquet et al., 2005) can be used with MCRT to
explore the possible impacts of lidar system characteristics on a wide
range of structurally realistic vegetation canopies. An important next
step will entail validation of the modelling approach which, if
successful, would enable such studies to be used in advance planning
of lidar surveys, and potentially for designing new lidar instruments
and retrieval methods. Future discrete-return lidar missions over
forests should ideally include a record of system characteristics for
every recorded point, in order to improve the interpretation and
reliability of the resulting lidar data.
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