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 Leaf angle distribution (LAD) in forest canopies affects estimates of leaf area, light interception, and global-scale photosynthesis, but is often simplified to a single theoretical value. Here,
we present TLSLEAF (Terrestrial Laser Scanning Leaf Angle Function), an automated opensource method of deriving LADs from terrestrial laser scanning.
 TLSLEAF produces canopy-scale leaf angle and LADs by relying on gridded laser scanning
data. The approach increases processing speed, improves angle estimates, and requires minimal user input. Key features are automation, leaf–wood classification, beta parameter output,
and implementation in R to increase accessibility for the ecology community.
 TLSLEAF precisely estimates leaf angle with minimal distance effects on angular estimates
while rapidly producing LADs on a consumer-grade machine. We challenge the popular
spherical LAD assumption, showing sensitivity to ecosystem type in plant area index and
foliage profile estimates that translate to c. 25% and c. 11% increases in canopy net photosynthesis (c. 25%) and solar-induced chlorophyll fluorescence (c. 11%).
 TLSLEAF can now be applied to the vast catalog of laser scanning data already available
from ecosystems around the globe. The ease of use will enable widespread adoption of the
method outside of remote-sensing experts, allowing greater accessibility for addressing ecological hypotheses and large-scale ecosystem modeling efforts.

Introduction
Leaf angle is a key biophysical property of vegetated canopies
integral to accurate radiative transfer modeling, light interception, and leaf energy balance. Plants adjust leaf angle to gain
resources (i.e. light) or adapt to environmental changes (Darwin,
1881; Ehleringer & Forseth, 1980; Kao & Forseth, 1992). Leaf
angle distribution (LAD) – the relative proportion of leaves positioned between 0° (horizontal) and 90° (vertical) throughout a
canopy – is a key parameter determining model simulated optical
signal (e.g. it is a highly sensitive parameter determining the magnitude of solar-induced chlorophyll (Chl) fluorescence emitted
by plants; Verrelst et al., 2015). Similarly, changing LADs in
radiative transfer models can change net canopy photosynthesis
by c. 60% (Myneni, 1986). Even though LAD is a critical parameter, it is usually considered at plant functional-type level and
treated as fixed during the growing season. For example, in the
Community Land Model v.5, leaf angle is treated as a single
parameter XL that is fixed for each plant functional type
(Lawrence et al., 2019). Similarly, in radiative transfer models,
LADs have been fixed to a few limited types (e.g. spherical, erectophile, planophile) and are often assumed to be stationary (van
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der Tol et al., 2009). The lack of accurate representation of LAD
in ecosystem models is directly linked to an absence of efficient
and accurate means of measuring LAD in canopies of diverse
ecosystem structure.
Terrestrial laser scanning (TLS) instruments are ground-based
devices using light detection and ranging (LiDAR) to hemispherically measure distances with extremely high resolution (c. 10
000 measurements m−2), providing a means to automatically
measure leaf surfaces and LADs. TLS has recently become the
most cutting-edge instrument for capturing forest and tree structure in three dimensions (Disney, 2019; Calders et al., 2020)
with major advances in allometric equation development (Momo
Takoudjou et al., 2017; Stovall et al., 2017, 2018; Lau et al.,
2019) and remote-sensing calibration (Stovall & Shugart, 2018;
Disney et al., 2019). TLS can successfully measure leaf angle with
a range of approaches, including plane fitting (Hosoi & Omasa,
2015), grid triangulation (Bailey & Mahaffee, 2017), and full
three-dimensional (3D) estimation of surface normals (Vicari
et al., 2019). Yet, the individual benefits of previously developed
methods have yet to be condensed into a single open-source
pipeline capable of accepting minimally processed TLS data and
efficiently reproducing leaf-level inclination angles.
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Here, we present the Terrestrial Laser Scanning Leaf Angle
Function (TLSLEAF), an open-source algorithm for automatically calculating spatially explicit leaf angle and LADs from gridded (or ‘structured’) – raw scan information describing the
azimuth and zenith angles of individual laser pulses – TLS data.
The basis for this method is the calculation of surfaces from the
gridded point cloud, providing rapid and accurate surface normal
computation. The aim of this particular method is to enable
broad applicability and rapid estimation of leaf angle from minimally processed TLS data, overcoming the computational challenges of other approaches. First, we provide an overview of each
major processing step in the TLSLEAF algorithm. Then, we validate our algorithm based on a laboratory experiment and data
generated with a virtual forest. We conclude by applying
TLSLEAF on five single scans from example sites of diverse
forest structure, covering forests of managed loblolly pine
(Colorado, USA), hemlock (Massachusetts, USA), temperate
broadleaf (Virginia, USA), tropical broadleaf (Sarapiqui, Costa
Rica), and mangrove (Libreville, Gabon). At these sites, we compare the impact of leaf angle on different approaches for estimating plant area index (PAI) and vertical foliage profiles. Finally,
we apply these foliage profiles in a radiative transfer model,
quantifying impacts on estimates of canopy net photosynthesis,
absorbed photosynthetically active radiation, and solar-induced
Chl fluorescence.

Materials and Methods
TLSLEAF method
TLSLEAF has been developed to automatically estimate LADs
from gridded laser scanning data (Fig. 1). The open-access source
code can be found at github.com/aestovall/TLSLeAF (for permanent DOI, see the following Figshare link: https://figshare.com/s/
f2f0366d47529b8d9fd6). To maximize accessibility, the algorithm is implemented in R (R Core Team, 2019) and relies heavily on the open-source CLOUDCOMPARE command-line tools
(CloudCompare, 2020). Fig. 1 illustrates the main processing
steps from a gridded single TLS scan to leaf angle estimates. The
main processing steps for TLSLEAF involve the following: (1)
rapid normal and angle estimates directly from the gridded TLS
data; (2) leaf classification from a random forest classifier; and (3)
voxel gridding and density correction. A description of the
required user inputs and default values are detailed in Table 1.
See Supporting Information Notes S1 for a short discussion of
TLS acquisition considerations. For each scan, the algorithm produces a spatially explicit 3D voxel grid of average leaf angle and
density-corrected LADs.
Gridded terrestrial laser-scanning data TLSLEAF primarily
relies on gridded TLS data. Like hemispherical photography,
from the perspective of the TLS instrument, pixels within a scan
grid fully capture presence and absence of vegetation across the
observed hemispherical area, while estimating the distance from
the sensor. Much like other raster data, the spherically projected
grid of distances can be directly gridded, creating pixel-based
New Phytologist (2021)
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estimates of surface properties. Before analysis, TLS data should
be preprocessed and filtered (e.g. removing low-intensity
returns), retaining only high-confidence range estimates. Once
preprocessed, the only required input to the TLSLEAF algorithm
is gridded TLS scan data (e.g. ∗.ptx format or similar).
Compute normals TLSLEAF directly computes normal vectors
(N→, [Nx, Ny, Nz]) from the gridded TLS data. Other
approaches estimate leaf angle point-cloud normals in three
dimensions (Vicari et al., 2019), but normal orientation is widely
known to be the most accurate and vastly more efficient (c. 3.9
million points (Mpts) per second in our tests) using gridded scan
data, specifically due to the grid of continuous surface measurements from the scanner perspective (Badino et al., 2011). In
essence, surface normals of gridded TLS data can be directly
computed using identical methodology to simple 2.5dimensional raster analysis. Normals are computed at the pixel
level with a moving 3 × 3 grid, using the distances of points
immediately adjacent to a focal pixel.
Compute and filter by scattering angle Scattering angle (the
difference between the angle at which the laser pulse is reflected
after intercepting an object in the scene and the normal vector of
that surface) affects the accuracy of angle measurements and is
used to filter anomalous leaf angle estimates. For instance, a beam
traveling perpendicular to the surface normals of a leaf has a theoretical scattering angle of 90°, whereas a beam traveling parallel
to the surface normals of a leaf has a scattering angle of 0°. Scattering angle is calculated using the following equation:
! !
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where N , the normal vector of the surface; xyz , laser scanner
beam vector. High scattering angles of ≥ 80° occur with anomalous leaf-edge measurements and tend to produce poor representations of surface normals. TLSLEAF computes and removes
scattering angles > 85° (Table 1; ‘scatterLim’).
Compute leaf angle TLSLEAF computes the angle of leaves and
other visible surfaces relative to the horizon in the TLS scan grid
directly from the surface normals. Surface angles are computed
with:
αsurface ¼ cos1
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where z , the zenith vector. The inherent benefit of capturing incidence angle at the pixel level is that the algorithm captures leaf
curvature, addressing the generally invalid assumption that leaf
angle is a singular value. Rather, leaves display a diverse array of
structures and curvature impacting the interception of light in
the canopy environment. Thus, TLSLEAF estimates multiple
angles per leaf. Other TLS-based algorithms rely on a similar
Ó 2021 The Authors
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Fig. 1 Overview of the processing pipeline implemented in TLSLEAF with visualization of each processing step on an example terrestrial laser scanning
(TLS) scan of a mixed deciduous forest in Virginia, USA. Black dashed square shows zoom area in right panels. Note: The site depicted above was used to
develop the random forest leaf classification, but excluded from the other site analyses.

processing framework but simplify pixel measurements into a single angular estimate (Bailey & Mahaffee, 2017). Instead, we
approach modeling leaf angle at the measurement level (Vicari
et al., 2019), while gaining the benefits of more accurate angular
estimates from gridded data.
Classify wood and leaves TLSLEAF differentiates leaf and wood
surfaces with a supervised machine-learning (random forest) classifier relying on multiscale normal estimates (Krishna Moorthy
et al., 2019). We built a classified leaf–wood point cloud from
temporally aligned data collected from leaf-off and leaf-on data
(Fig. 2). We developed this approach specifically for broadleaf
temperate forest since the leaf-off season enables high-confidence
point-cloud classification – a method we believe will be useful in
many other deciduous forest types. The point-cloud classification
process involves the following steps: (1) fine-scale alignment of
Ó 2021 The Authors
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the point clouds from two timesteps, (2) point-cloud distance
computation, (3) leaf–wood differentiation based on distances 1
cm greater than the error in cloud coregistration (coregistration
error 0.5 cm, distance threshold c. 1.5 cm). The resulting leaf-on
point cloud (excluding the ground surface) is effectively and precisely classified as wood or leaf at a scale that is prohibitively time
consuming using manual methods.
Next, we calculated surface normals from the 3D point cloud
at three spatial scales (10, 50, and 75 cm), following Krishna
Moorthy et al. (2019). Multiscale normal estimates are effective at
differentiating objects with different structures (Brodu & Lague,
2012). In the case of leaf–wood differentiation, at the smallest
scales, leaves appear to have planar surfaces, but normals become
increasingly random with increasing spatial scale. Conversely,
trunks and branch normals become increasingly linear. Each additional spatial scale at which normals are calculated adds three
New Phytologist (2021)
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Table 1 Parameters for the R function, TLSLEAF.

Variable

Description

input_file

Path to gridded terrestrial laser
scanning file (∗.ptx or similar)
Vector of scanner location in
xyz coordinates.
Upper limit of scattering angle
Resolution of spatial
subsampling procedure
Spatial scales of normals for
leaf–wood classifier
Random forest model for
leaf–wood classification
Voxel size for density
normalization
Minimum measurements
required per voxel
Output results as object to
environment

center
scatterLim
SS
scales
rf_model
voxRes
minVoxDensity
superDF
a

Default
valuea

Units

Required

—

Required

meters

85
0.02

degrees
meters

0.1, 0.5,
0.75
Included

meters

0.1

meters

5

—

TRUE

—

—

‘Required’ indicates user-specified values.

associated eigenvectors for which a classification can be based. In
total, the random forest classifier using this approach is built from
nine eigenvectors (Nx, Ny and Nz at 10, 50 and 75 cm resolution). With this approach, we achieved accuracy (c. 88%) similar
to Krishna Moorthy et al. (2019) with single-scan data and found,
with visual inspection, the classifier was effective for most
broadleaf forests tested. Spatial subsetting substantially reduced
processing time (0.022 Mpts s−1) and had very little impact on
classification accuracy. All training data and point clouds subject
to processing with TLSLEAF are automatically subset to 2 cm
spacing before the classification to decrease processing time.

(a)

Angle measurements

Voxel filtering TLSLEAF normalizes leaf angle measurements
at an optional voxel resolution approximately larger than the
average leaf size (10 cm, by default; Fig. 3; Table 1, ‘voxRes’).
Single-scan TLS data present a biased perspective of the forest
canopy – decreasing measurements per unit volume as a function of distance from the scanner and vegetation density. As a
result, LADs will be biased to the area closest to the TLS unit.
TLSLEAF corrects this density measurement bias by, first, calculating statistics (mean and SD) of all angle measurements within
voxels and, second, reconstructing the distribution of measurements within a voxel with an equal number of simulated angles.
We exclude voxels with less than the first percentile of measurements across all voxels to further reduce anomalous measurements.
Before voxelization, an optional topographic normalization
step can be included, detailed in Walter et al. (2021). In short, a
ground surface model is reconstructed from the single-scan TLS
data and subtracted from the vertical dimension of the TLS point
cloud (Roussel et al., 2020), effectively normalizing by topography – see Walter et al. (2021) for details. Topographic normalization was included in TLSLEAF to allow for vertical profiles of
mean leaf angle and LAD, which can be reconstructed with a
simple summary operation (e.g. aggregate) along the vertical
dimension of the voxelized output.
Estimate leaf angle distributions The final processing stage of
TLSLEAF uses the statistics derived at the voxel filtering stage to
estimate the normalized LAD. Ten random samples are generated from a normal distribution with mean and SD of the voxellevel statistics calculated in the previous step. The processed voxels provide a spatially explicit distribution of leaf angle estimates

(b)

Classified angle measurements

Fig. 2 Single-scan random forest leaf–wood classification. (a) Angle estimates are classified into (b) leaf and wood measurements for accurate
reconstruction of leaf angle distributions.
New Phytologist (2021)
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Leaf angle (zoom)

(b)

Leaf angle

(d)

deviation

(c)

Leaf angle voxels

(e)

Fig. 3 TLSLEAF voxelization process (nadir view angle) for normalizing angular measurements. (a, b) High-resolution leaf angle estimates (c. 5 m
measurement distance shown) are voxelized at 10 cm resolution and (c) mean, (d) SD, and (e) number of measurements are derived for correcting leaf
angle distributions.

at the defined voxel resolution. At this stage, the LAD Beta function parameters (α and β) can be estimated using:
x α1 ð1  xÞβ1
Bðα, βÞ

Eqn 3
Benchmarking TLSLEAF

where Bðα, βÞ ¼ ðΓðαÞΓðβÞÞ=ðΓðα þ βÞÞ; Γ, the gamma function. Such parameters can be used directly as input parameters in
radiative transfer models.
Derive G-function The LAD derived from TLSLEAF can be
used to directly calculate the G-function (mean leaf projection
area). We used the following equation from Wilson (1960) to
calculate the G-function:
Zπ=2

We benchmarked each processing step of TLSLEAF on a
consumer-grade laptop – a 2015 MacBook Pro
(MacBookPro12,1) with a 3.1 GHz Intel Core i7 and 16 GB
1867 MHz DDR3 RAM. TLS processing primarily requires
large RAM resources, but, at times, a faster CPU can be beneficial. We anticipated this machine would provide an upper limit
of acceptable processing time typical for most users.
Validating TLSLEAF

G ðθ, θl Þpðθl Þ dθl

G ðθÞ ¼

different LADs with respect to view zenith angle, providing a
more accurate representation of the mean leaf projection area
function.

Eqn 4

θl ¼0

where θl , zenith angle of leaf normal; G ðθ, θl Þ, G-function with
leaf zenith angle fixed at θl and random leaf azimuth angle; pðθl Þ,
probability density function of leaf zenith angle. The probability
density function is assumed to be randomly distributed throughout the canopy, yet spatial differences in leaf angle are widely
observed (e.g. more horizontal leaf angle in understory to maximize light interception; Horn, 1971; Posada et al., 2009; Givnish,
2020). As such, we also consider a formulation of the G-function
that derives the probability density function at each solid angle
bin θ before integration. Using this method, we account for
Ó 2021 The Authors
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TLSLEAF was validated with a laboratory experiment using a
Faro Focus 120 TLS unit and 19 plastic leaves (c. 5 cm × 15
cm dimensions) placed at approximately 5° intervals from 0
to 90° hand-measured with a leaf inclinometer. Note that
the hand measurements only provide the leaf angle at the
center of the leaf, which may not be representative in curved
leaves. We used a laboratory-based experiment so we might
capture uncertainty due to factors that are more difficult to
simulate (e.g. edge ranging errors common on phase-shift
TLS instruments). The TLS has a beam divergence of 0.19
mrad and collected 0.768 mrad resolution scans for a total
26 541 212 potential returns per scan (8258 × 3214 grid,
azimuth × zenith). We focused specifically on how effective
New Phytologist (2021)
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TLSLEAF is at estimating leaf-level angles and reconstructing
the LADs.
In comparison with hand-measured leaf angles, we evaluated
the distribution of leaf angle estimates with respect to leaf distance. We assessed the effect of scanner distance by placing the
TLS at 2, 5 and 10 m distance from the test leaves, applying the
algorithm with the default parameters in each case. We also tested
the effect of scattering angle on leaf angle measurement error.
Finally, we directly compared the hand-measured (approximately
uniform) and TLS-measured LADs, testing for significant differences using a Kolmogorov–Smirnov (KS) test.
Finally, we implemented a number of validation experiments
in a virtual environment (Fig. S1; Notes S2) to test the effects of
occlusion, scan angular resolution, and distance from target in
single-tree and forest scenarios. See Notes S3 for an additional
analysis addressing the sensitivity of leaf angle measurements to
TLS parameters (Fig. S2) and voxel resolution (Fig. S3). We validated and assessed errors in LAD estimates with the known
LAD of a realistic 3D 5 m tall broadleaf tree object. The 3D
wood and leaf surfaces are composed of a digital mesh surface
that is sampled along with surface angles at a resolution higher
than captured with TLS instruments (c. 20 000 points m−2, c.
37 Mpts per tree object). In the forest scenario, this single tree
was duplicated and positioned with approximately even c. 2.5 m
spacing, creating an even-aged closed canopy scenario, ideal for

(a)

assessing occlusion in different positions throughout the digital
forest. For our tests, we simulated TLS data using two patterns
(Fig. 4). In the single-tree scenario, we ran the simulation using a
box pattern, positioned at four corner positions using intervals of
5, 10, 20, 30 and 60 m. For the forest scenario, we ran the simulation at nine different positions around and in the center of a 10
m × 10 m forest cloud. The range of positions in both scenarios
allowed us to capture variation in the LAD due to occlusion – a
major factor and consideration in a real forest environment. We
also tested three TLS scanner resolutions in all positions of the
single tree scenario tested: 0.05°, 0.025° and 0.01°. In the forest
scenario, we tested the coarsest resolution scan as an upper limit
of our error expectations. The surface angle estimates from these
simulations were then compared directly with the full tree or
forest-level LAD.
Applications of TLSLEAF in diverse forest types
As a simple demonstration, we applied the TLSLEAF algorithm
with default settings to single scans from a diverse set of five sites
chosen for their relatively divergent forest structure: the managed
loblolly pine stand in Colorado, USA, which is part of the
Colorado State Forest; the hemlock stand in Massachusetts, USA,
which is part of Harvard Forest; the temperate broadleaf forest in
Virginia, USA, and within the 40 m tall old-growth tulip poplar

(b)

(d)

(c)

(e)

Fig. 4 Simulated three-dimensional tree and simple forest environment used for the validation testing scan resolution, distance, and occlusion. (a) Sideview of the model tree used; (b) side view of the virtual forest; (c) top view of the virtual forest; (d) single-tree (green) simulation scan positions (black)
ranging from 5 to 85 m distance at three different scan resolutions. (e) Nine scan positions (black) across the 10 m × 10 m simulated forest environment
(green).
New Phytologist (2021)
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(Liriodendron tulipifera) forests of Montpelier; the tropical
broadleaf forest in Sarapiqui, Costa Rica, which is a late-stage secondary stand with palm in the understory; and the mangrove
forest, which is the tallest known stand, towering c. 60 m in
height, located outside of Libreville, Gabon, in Pongara National
Park. For each site, we derived LADs, vertical distributions of
mean leaf angle, beta parameters, and the G-function for comparison in the context of foliage profiles and radiative transfermodel-based estimates of canopy fluxes.
We used the derived LADs and G-functions to evaluate the
impact on estimates of PAI and plant area vegetation density
(PAVD; vertical distributions of plant area) profiles across all five
sites. PAI and PAVD are typically estimated using an array of
methods derived from the gap fraction – the fraction of the
canopy with ‘sky’ or ‘soil’ gaps, depending on view perspective.
Jupp et al. (2008) detailed a method adapted for TLS from
MacArthur & Horn (1969). The key equation describing vertically resolved gap fraction is:
P gap ðθ, zÞ ¼ 1 

∑i1 ðz i < z, θÞ
N ðθÞ

Eqn 5

where z, the height above ground; θ, the midpoint of the 5°
zenith angle range used to aggregate TLS returns. This equation describes the cumulative number of returns per unit height
divided by the total number of outgoing laser pulses N. In
essence, intercepted vegetation progressively reduces the probability of a laser pulse escaping the canopy.
PAI and PAVD are typically estimated with Pgap at the hinge
angle – a viewing zenith angle of 57.5°. The hinge angle is used
to estimate total PAI, as this is the angle at which the canopylevel G-function is nearly invariable at 0.5 for all typical LADs
(Jupp et al., 2008). We approximate the hinge angle as the 5°
zenith bin between 55° and 60°. Pgap is converted to the cumulative PAI profile using:
LðzÞ≈  1:1logP gap ð57:5∘ Þ

Eqn 6

The coefficient value of 1.1 is derived from the extinction coefficient k(57.5°), defined as cosð57:5∘ Þ=G ð57:5∘ Þ The derivative
of this cumulative profile provides a height-specific estimate of
PAI, or PAVD. Since LAD is rarely known, profiles from each
zenith angle bin are scaled to equal the PAI estimate from the
hinge angle (Jupp et al., 2008).
Jupp et al. (2008) also described a linear approximation
method using the following equation:
L h þ L v X ðθÞ≈  logP gap ðθ, zÞ
2
X ðθÞ ¼ tanðθÞ
π

Eqn 7

where L h and L v , horizontal and vertical components of PAI.
Essentially, a linear model is fit between X ðθÞ and
logP gap ðθ, zÞ, providing an estimate of cumulative leaf area
with height or LðzÞ for which the derivative and PAVD profile
can be determined.
Ó 2021 The Authors
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With TLSLEAF, we capture both random and view-anglespecific LAD, allowing PAVD and PAI to be estimated with
greater precision. A spatially random LAD assumes that the measured LAD is homogeneous throughout the canopy. A more realistic scenario considers LAD as nonrandom in the canopy,
varying with respect to zenith angle and accounting for variation
in angle due to differing light conditions (Horn, 1971; Givnish,
2020). The modification of Eqn 6 is as follows:
Lðθ, zÞ≈ 

cosðθÞ
logP gap ðθÞ
G ðθÞ

Eqn 8

Lðθ, zÞ is estimated for each zenith angle bin, instead of 57.5°
only. After the derivative of this profile is computed, the distributions of PAVD in each zenith angle bin are aggregated and summarized in terms of mean and SD of the PAVD profile.
We compared four methods of estimating PAI and PAVD profiles. Method 1 relied solely on the hinge angle estimates described
in Eqn 6. Since this method was derived at a single angular bin,
SD values were not calculated. Method 2 used Eqn 8 and assumed
LAD was randomly distributed. Method 3 also used Eqn 8 but
relied on the actual LADs in each inclination angle bin. Our
hypothesis is that this method is closest to the reality. Method 4
used the linear approximation described in Eqn 7. Since the hinge
angle (method 1) is the most commonly used method of estimating PAI with TLS (and hemispherical photography), we used these
estimates as a baseline for comparison, calculating absolute and percentage deviation for all other methods.
We used MSCOPE (Yang et al., 2017) a multilayer onedimensional radiative transfer, photosynthesis, and energy balance model to simulate the effect of using different profiles on
the simulated fluxes, including canopy net photosynthesis (Actot,
µmol m−2 s−1), absorbed photosynthetically active radiation
(APAR, µmol m−2 s−1), and solar-induced Chl fluorescence
(SIF; hemispherical top-of-canopy SIF, W m−2). SIF can be
remotely sensed, and it is related to canopy photosynthesis (e.g.
Frankenberg et al., 2011; Yang et al., 2015; Magney et al., 2017).
We used default model parameters (fixed incoming radiation at
600 W m−2, air temperature at 20°C, maximum carboxylation
rate at 80 µmol m−2 s−1) except for the canopy leaf area index
(LAI) profile and the total LAI. LAD was assumed to be spherical. Here, the primary goal was to evaluate the impact of different
representations of PAI and PAVD on canopy fluxes, providing
insight into the effects on remote sensing and ecological modeling. Note that MSCOPE does not take vertical LAD as an input,
and thus we only investigate the impact of LAD indirectly
through the vertical leaf area distribution.

Results
Benchmarking TLSLEAF
TLSLEAF rapidly processes single-scan TLS data in an R coding
environment (Fig. 5). In our tests, one TLS scene with c. 26
Mpts requires c. 9 min for TLSLEAF to fully process the data.
Breaking the method into steps, normal computation using
New Phytologist (2021)
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3.9 Mpts s–1

(1) Compute normals

0.24 Mpts s–1

(2) Downsampling (2 cm)

4.4 Mpts s–1

(3) Compute scattering angles

14.22 Mpts s–1

(4) Compute leaf angle
(5) Classify wood and leaves
metrics

0.022 Mpts s–1
0.325 Mpts s–1

Prediction

0.514 Mpts s–1

(6) Topographic correction (optional)

0.055 Mpts s–1

(7) Voxel filtering
0

100

200

Processing time (s)

gridded TLS scans was extremely rapid (3.9 Mpts s−1) compared
with full 3D octree-based normal computation, which failed to
complete a single scan after 1 h of processing time. Downsampling required 0.24 Mpts s−1, but, in testing, we found substantial downstream computational benefits by including this step.
Steps relying on precomputed normals were extremely rapid –
scattering angles were computed at 4.4 Mpts s−1, and leaf angles
were computed at a rate of 14.22 Mpts s−1. Derivation of multiscale normals for leaf classification was the slowest process at a
rate of 0.022 Mpts s−1, but random forest classification was
faster (0.325 Mpts s−1). The optional topographic normalization
step added minimal total time to processing, and the final voxel
normalization was completed at a rate of 0.055 Mpts s−1.
Validating TLSLEAF
In c. 85% (16/19) of samples, the mode of the leaf-level angle
distribution closely represented the hand-measured value irrespective of distance (Fig. 6). For leaf angles approximately perpendicular to the scanner view angle (< 20°) – or those with
high scattering angles – less leaf-level measurements were captured, producing less-confident leaf angle estimates. Our validation against hand-measured angles had 12.7°, 14.5° and 18.2°
RMSE and 0.1°, −1.8° and 2.1° bias, for 2 m, 5 m and 10 m,
respectively (Fig. 7). However, when using the 2 m TLS angular
estimates as our validation data set, error was substantially lower
(RMSE: 3.9° for 5 m; 8.3° for 10 m) and less biased (bias: −1.9
for 5 m; −2.2°for 10 m) (Fig. 7). TLSLEAF recreated statistically similar LADs to the manual measurements at 2 m, 5 m,
and 10 m (KS test: P = 0.76, P = 0.74, P = 0.55, respectively;
Fig. 7). Aggregated across all distances, the LAD remains representative of manual measurements (KS test: P = 0.75). We compared the area-normalized 2 m TLS LAD with the 10 cm voxel
aggregated approach (as is used in TLSLEAF) finding minimal
differences between the shapes of the two distributions (5 m:
R2 = 0.98; 10 m: R2 = 0.99; Fig. 7e).
The single-tree and forest simulation validations are consistent
with the manual validation, showing distance increases errors in
leaf angle estimates (Fig. 8). In the highest resolution scenario,
RMSE increased with distance in the single-tree simulation,
increasing from c. 5° at 5 m distance to c. 9° at 85 m. The
New Phytologist (2021)
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300

Fig. 5 Overall processing time and speed of
TLSLEAF method with an 8258 × 3214
gridded terrestrial laser scanning scan. Leaf–
wood classification is separated into the
multiscale computation of normals and
random forest prediction steps. Topographic
correction is optional, depending on the
desired output of the user.

lowest resolution increased RMSE to 9° at 5 m distance and up
to 17° at 85°. The variation within a single distance interval
shows occlusion can account for a substantial portion of the measurement error (c. 10° in the 85 m low-resolution scenario). Distance tends to positively bias leaf angle measurements by a
maximum of c. 2°. The variation in the LAD increases with
lower resolution scans, but on average closely matches the true
LAD. The simulated TLS scans from every position in the simulated forest closely matched the true LAD, with c. 6° average
RMSE (ranging from 4° to 8.9°) and c. −0.2° bias (ranging from
−0.4° to +0.1°).
Applications of TLSLEAF in diverse forest types
When we apply TLSLEAF to TLS data collected in different
types of forested ecosystems, we found substantial variations in
parameters of beta function, G-function, and leaf angle profile.
In each test case, a single gridded scan file was automatically processed and LADs were produced without additional user input
(Fig. 9). The LAD of needleleaf systems peaked at higher leaf
angles, c. 90°. The closed canopy of Harvard Forest had a sharp
peak near 90° (α = 2.0, β = 0.9), whereas the open managed
loblolly pine forest had a peak near 75° (α = 2.7, β = 1.4). The
tallest, most open broadleaf systems had identical beta parameters
(α = 2.2, β = 1.7), with peaks near 50°. The broadleaf tropical
forest was also similar, but peaked around 60° (α = 2.3, β =
1.8).
We found the G-function to differ substantially in shape and
magnitude, depending on how LAD was represented in the
canopy (Fig. 9). The random LAD method resulted in a smooth
LAD curve, whereas the nonrandom LAD method was more
variable in shape. The random LAD assumption produced Gfunctions that were more spherical to erectophile in needleleaf
systems (hemlock and pine dominant) and more planophile in
broadleaf systems (temperate, tropical, and mangrove). The nonrandom assumption of LAD created G-functions that deviated
substantially from the random assumption method. Since these
more variable G-functions are unlike the theoretical functions,
we are unable to clearly classify them into established categories.
Each site displayed a unique trend in the vertical distribution
of mean leaf angle (Fig. 9). The open loblolly pine stand in
Ó 2021 The Authors
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Fig. 6 Leaf-level inclination angle distribution in comparison with manual measurements (vertical dotted line) at three distances. Terrestrial laser scanning
(TLS) leaf-level angle measurements are overlaid on their respective distribution and color coded by angular estimate.

Colorado had little variability with height, averaging c. 50°. The
hemlock stand at Harvard Forest had a consistent increase in
mean leaf angle until reaching 20 m, above which mean leaf
angle was c. 75°. Mean leaf angle in Costa Rica and Virginia
forest stands similarly increased with height, with an understory
mean of 35° and a canopy mean of 75°. At the tall mangrove site,
mean leaf angle decreased with height from 0 to 10 m, above
which the mean leaf angle consistently increased, with a canopy
mean leaf angle of c. 60°.
The magnitude and distribution of PAVD profiles and total
PAI depended on the method and representation of LAD (Fig.
10; Table 2). The single 5° zenith bin captured using the hinge
angle method provided a more variable representation of the
forest canopy. The linear approximation method had the least
stable estimates of PAVD, deviating substantially from other profiling methods. The homogeneous and heterogeneous representation of LAD affected PAVD profile shape and magnitude. The
linear approximation method deviated −11.0% to +57.8% from
the hinge angle method. Assuming homogeneous LAD resulted
in −22.9% to +44.7% deviation, whereas the heterogenous leaf
angle assumption ranged from −17.5% to +62.2%. In general,
incorporating more detailed leaf angle information in PAI estimates resulted in an increase in average PAI in comparison with
the hinge angle method (9.4% and 24.7% higher for homogeneous and heterogeneous assumptions, respectively).
Net canopy photosynthesis, absorbed PAR, and SIF differed
by −3.6% to +24.13% between the hinge angle approach and
the two G-function approaches (Table 3). The differences varied
by site: Virginia had the lowest percentage of difference, whereas
Colorado, on average, had the highest. There was no clear
Ó 2021 The Authors
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difference between broadleaf and needleleaf sites. In each site, the
difference in the simulated photosynthesis rate was usually larger
than the difference in APAR and SIF.

Discussion
The TLSLEAF method is an objective, rapid, and user-friendly
method of calculating LAD from single-scan TLS data. TLSLEAF
integrates past methods of leaf angle computation (Bailey &
Mahaffee, 2017) and leaf–wood classification (Krishna Moorthy
et al., 2019) in an accessible, function-based processing framework. Here, we show the method can easily be applied in a range
of different forest environments without the need for additional
user input. By simplifying the processing steps required for this
field-based instrument, we are effectively enabling adoption by
nonspecialists with a more ecological focus, as opposed to
remote-sensing focus. We believe massive-scale processing of
TLS data with TLSLEAF will inform global ecological hypotheses, ecosystem modeling, and remote sensing.
Benchmarking TLSLEAF
TLSLEAF rapidly processes gridded single-scan mid-resolution
(8258 × 3214 grid, 0.768 mrad resolution) TLS data in c. 9
min, producing a suite of outputs and ecological parameters,
including leaf–wood classified point clouds, native-resolution
angular estimates, three-dimensionally explicit voxel normalized
leaf angle, LADs, and LAD beta parameters (Fig. 5). Scan resolution will affect processing times, but the most timeconsuming component of processing, leaf–wood classification,
New Phytologist (2021)
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Fig. 7 Leaf-level validation as a function of distance based on (a) hand-measured and (c) 2 m terrestrial laser scanning (TLS)-measured leaf inclination
angle, and (b) RMSE and bias of the validation considering hand-measured and 2 m TLS scans as truth. TLSLEAF estimated leaf angle distributions (c)
compared with manual measurements as a function of distance and (b) the effect of aggregation on the area-normalized leaf angle distribution (LAD). (d)
Distance – 2 m (purple), 5 m (blue), 10 m (yellow) – has little effect on the TLS-measured LAD and, when aggregated across distances, TLSLEAF provides a
statistically similar LAD (Kolmogorov–Smirnov test: P = 0.75) to the manual measurements (dotted black line). (e) Treating the 2 m leaf angle
measurements as truth (dotted black line) shows minimal effect from aggregating TLS measurements at 10 cm voxel size on the estimated LAD.

will be less impacted by resolution due to a subsampling preprocessing step included in the algorithm. Fig. 5 highlights the
rates of each major processing step, but it is worth noting that
both steps 2 and 5 include subsampling, reducing the total
number of points required for processing in subsequent steps.
The current version of TLSLEAF is efficient enough to be
applied on a large scale – all output parameters could be
New Phytologist (2021)
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generated for c. 1000 TLS scans in less than 1 wk of singlethreaded computing time.
Validating TLSLEAF
TLSLEAF effectively captures broadleaf leaf angle at the sub-leaf
scale. The major factors that can affect leaf-level angular
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measurements with TLS are scattering angle, scan resolution, distance, and occlusion. Leaf inclination angles closely matching
view angle can negatively impact the precision of leaf
Ó 2021 The Authors
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measurements due to a reduced number of returns and a high
scattering angle, introducing ranging errors. Though edge returns
and high scattering angle are filtered with TLSLEAF, it remains a
New Phytologist (2021)
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(d)

Fig. 9 The five example forested sites with derived leaf angle parameters (terrestrial laser scan subset area and angles shown in (a)) including (b) leaf angle
distributions and associated beta distributions (black dotted lines; parameters shown), (c) random (black) and nonrandom (orange) G-functions, and (d)
vertical distributions of mean leaf angle (black) with 95% confidence intervals (shaded orange).

major technological challenge to effectively reconstruct all leaves
in the forest canopy with minimal error. Over the interval evaluated in the laboratory, errors due to distance from the leaf play
less of a role in TLSLEAF measurement uncertainty. Though our
evaluation of measurement distance included only three distances, we found a c. 0.69°–0.88° increase in RMSE per meter,
suggesting – like other TLS-derived variables – distance is most
detrimental in taller canopies (> 30 m). Our extension of this
analysis into the simulated tree and forest scenarios was consistent, showing increasing RMSE with distance, but also highlighted the role of scan angular resolution and occlusion as
important factors affecting LAD reconstruction accuracy. The
relative impact of these factors on gridded normal and inclination
angle computation is in line with past work (Bailey & Mahaffee,
2017), albeit improved upon, since TLSLEAF automatically classifies and isolates leaves, reducing bias from wood interceptions
in LAD estimates (Woodgate et al., 2016; Calders et al., 2018).
One clear mitigating strategy for constraining uncertainty in leaflevel angular estimates with TLS is to collect multiple sample
New Phytologist (2021)
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locations per plot or site (as is already typical in TLS sampling;
e.g. Wilkes et al., 2017) and limit the returns by distance from
the scanner. Multiple scan locations will also improve undersampling in canopy measurements due to occlusion. A systematic
evaluation of factors affecting leaf-level angle uncertainty using
TLSLEAF will enable appropriate error propagation for derived
estimates of PAI and PAVD.
At present, applications of TLSLEAF in needleleaf forests
should be considered with caution, as there is no current robust
means of validating the angular estimates of needles. The reason
for this is both logistical and technical. Even in a laboratory setting, capturing the angle of individual needles is at best cumbersome and at worst inaccurate. A single cluster of needleleaves
may contain tens of individuals interspersed and clumped. In
short, collecting unbiased hand measurements of needleleaves is
not feasible at scale. Instrument limitations are a major factor in
the measurement of needleleaf trees. Specifically, LiDAR relies
on intercepting a solid surface to capture a reliable range distance.
As the intercepted surface become more porous the range
Ó 2021 The Authors
New Phytologist Ó 2021 New Phytologist Foundation

New
Phytologist

Research 13

(a)

Height (m)

40

30

20

10

0
0.0

0.2

0.4

0.6 0.0 0.1 0.2 0.3 0.4 0.50.0 0.1 0.2 0.3 0.4 0.0 0.1 0.2 0.3 0.4 0.00 0.05 0.10 0.15 0.20

PAVD ( m2 m
(b)

3

)

Method
6

Hinge Angle

PAI ( m2 m

2

)

Homogeneous G
4

Heterogeneous G
Linear Estimate

2

0

Colorado

Loblolly Pine

Costa Rica

Tropical

Gabon

Tall Mangrove

Harvard Forest

Hemlock

Virginia

Old Growth Poplar

Site
Fig. 10 Impacts from varying representations of leaf angle distribution captured with TLSLEAF on (a) plant area vegetation density (PAVD) and (b) plant
area index (PAI) for the five study sites. We compare the methods of hinge angle and heterogeneous and homogeneous leaf angle distributions for five
forested sites. Error bars show the 95% confidence interval of mean PAI derived across all zenith angles (excluding the hinge angle method, since it is
derived from a single zenith bin).
Table 2 Summary statistics for plant area index (PAI) deviation (m2 m−2)
from typical hinge angle estimates.
Method

Mean

%

SD

%

Min

%

Max

%

Hinge angle
Homogeneous
G
Heterogeneous
G
Linear estimate

—
0.4

—
9.4

—
0.9

—
27.0

—
−0.8

—
−22.9

—
1.5

—
44.7

0.8

24.7

1.0

29.4

−0.6

−17.5

2.1

62.2

−0.1

4.8

0.4

29.8

−0.4

−11.0

0.6

57.8

The commonly used hinge angle method was used as a baseline for
calculating PAI deviation.

estimates become more uncertain (Stovall et al., 2017). Soft targets, such as needles, are a ‘worst-case scenario’, in that the individual objects are substantially smaller than the LiDAR beam
diameter at virtually all distances. Though a range estimate is
returned, the orientation of objects smaller than the beam diameter cannot be captured. As such, in needleleaf forests, the majority
Ó 2021 The Authors
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of LiDAR returns are from the exterior portion of needle clusters.
The same is true of angular estimates – angles are more likely to
represent the angular distribution of needle clusters. Until major
technological advances in TLS technology occur (e.g. extremely
low beam divergence and/or low-noise range estimates), TLSbased LAD estimates in needleleaf forests will be most representative of the surface curvature of needles as opposed to the true
angular distribution of needles.
TLS measurements of leaf angle are unique, in that they measure minute differences in leaf curvature unable to be captured
with a single manual or photo-based measurement. Fig. 6 highlights how TLS-based angular measurements capture a wider
range of angles within a single leaf than the more subjective single
manual leaf angle measurement. Given the subjective nature of
hand measurements on curved leaves, we suspect the angular estimates in the validation data set were more likely biased than the
TLS measurements (Fig. 7). In this way, manual measurements
(e.g. Hutchison et al., 1986) and photographic estimates (Chianucci et al., 2018), which assume planar leaf surfaces in the
New Phytologist (2021)
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Table 3 Summary statistics for MSCOPE simulations with leaf area index profiles estimated with three different methods.
Hinge angle

Homogeneous G

Heterogeneous G

Site

Atot

APAR

SIF

Atot

APAR

SIF

Atot

APAR

SIF

HF
GA
VA
CR
CO

27.92
28.01
27.79
28.95
13.59

1154.26
1163
1156.75
1189.31
713.24

0.3943
0.3996
0.3988
0.403
0.2998

30.6 (9.60%)
30.28 (8.10%)
28.02 (0.82%)
30.18 (4.24%)
13.1 (−3.6%)

1232.88 (6.81%)
1225.86 (5.40%)
1163.17 (0.56%)
1223.29 (2.86%)
694.76 (−2.59%)

0.4076 (3.37%)
0.4076 (2.00%)
0.3996 (0.20%)
0.4073 (1.07%)
0.294 (−1.93%)

30.95 (10.85%)
30.78 (9.89%)
28.51 (2.59%)
30.5 (5.35%)
16.87 (24.13%)

1241.63 (7.57%)
1238.97 (6.53%)
1176.99 (1.75%)
1231.86 (3.58%)
828.31 (16.13%)

0.4088 (3.68%)
0.4093 (2.43%)
0.4014 (0.65%)
0.4084 (1.34%)
0.3336 (11.27%)

HF, Harvard Forest; GA, Gabon; VA, Virginia; CR, Costa Rica; CO, Colorado; Atot, net canopy photosynthesis (µmol m−2 s−1); APAR, adsorbed
photosynthetically active radiation (µmol m−2 s−1); SIF, top-of-canopy hemispherical solar-induced Chl fluorescence (650–800 nm, W m−2). The relative
difference between the method and the first method (hinge angle) are shown in parentheses.

canopy, potentially obscure the distribution of angles that truly
exist in vegetated canopies. As such, the multiple leaf angle estimates per leaf from TLSLEAF provide a more precise representation of LAD. Implementing LADs with the full angular
distribution of sub-leaf curvature will provide more realistic estimates of canopy light interception, further refining radiative
transfer modeling, with applications to remote sensing and
process-based photosynthesis models.
LADs are extremely difficult to measure, with each method –
manual, photo, TLS – having clear benefits and drawbacks. The
traditional manual methods (Hutchison et al., 1986) provide the
confidence of physically seeing the leaf, but, as with any manual
method, are susceptible to user bias and error. Photo-based methods (Chianucci et al., 2018) improve upon traditional methods
by providing a method less dependent on the user. Recently,
unoccupied aerial vehicles (UAVs) have been used to measure
LADs in the canopy using the photo-based method (McNeil
et al., 2016). Accessing the canopy with UAVs is a major step
toward improving canopy LADs, but occlusion of the interior
canopy remains a major challenge with this method. TLS is the
only method that rapidly captures reliable leaf angle measurements throughout the canopy, providing less biased and less userdependent measurements. At sites with flux towers, TLS can be
installed for high-frequency canopy measurements of LAD. Cost
remains the greatest initial hurdle with TLS, but instruments
continue to become more affordable. Now, with ‘plug-and-play’
software such as TLSLEAF, TLS measurements of canopy LAD
and PAVD can be adopted by nonspecialists, further increasing
accessibility to the ecological community.
Applications of TLSLEAF in diverse forest types
TLSLEAF can be directly applied to a diverse array of forest
ecosystems to retrieve leaf angle estimates for improved site-level
and ecosystem-level LADs. Here, we provide five example sites to
illustrate the sensitivity of TLSLEAF to different forest types.
Broadleaf temperate and tropical systems tended to have
planophile LADs, whereas needleleaf systems were more spherical
to erectophile. Across systems, a random LAD assumption produces a smooth G-function, while capturing the nonrandom
aspects of LAD indicates that substantial spatial variation exists
in the G-function, invalidating the common assumption that
New Phytologist (2021)
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LAD is randomly distributed within the canopy. By capturing
the vertical dimension of leaf angle, we found mean leaf angle
decreased with height in tropical and temperate broadleaf systems, highlighting the importance of quantifying LADs at different canopy strata. Vertical variations in leaf angle are critical to
the understanding of canopy light absorption and leaf trait profiles (Niinemets et al., 2015). With TLSLEAF, we can now
directly address the nonrandom, spatially variable nature of leaf
angle, improving the characterization of leaf angle and leaf area
across forested ecosystems.
By relying on fewer assumptions of canopy characteristics
through direct measurements of leaf angle we are able to capture
PAVD and PAI more precisely. Compared with the typical gapfraction-based PAI estimates, incorporating leaf angle measurements at the scale of a single TLS scan can increase PAI by c.
62% (mangrove). We found the hinge angle and linear estimation methods proposed by Jupp et al. (2008) produced highly
variable foliage profiles in comparison with those multiangular
methods incorporating leaf angle measurements. An added benefit of the TLSLEAF method is that variation in canopy structure
is more effectively captured across view inclination angles using
both random and nonrandom LAD assumptions. In comparison,
the hinge angle method relies on scaling each relative PAVD
from a single angular range, whereas the linear estimation derives
variation from the slope fit of the linear model (Jupp et al.,
2008).
We showed that the impact of different vertical profiles of
LAI cannot be ignored: in some cases, the difference has
resulted in a difference in net photosynthesis by > 20%.
Though the range of differences in total photosynthesis (Atot)
under different representations of leaf area profiles (2.6–24.1%)
may seem small, this upward shift is within or exceeding the
uncertainty in global primary production: 8 Pg C yr−1 out of
123 Pg C yr−1 (c. 6%; Beer et al., 2010). The full impact of
including vertical profile of leaf angle in models remains to be
studied. To our knowledge, there is no radiative transfer model
(that can also simulate photosynthesis) accounting for the vertical variation in leaf angle. MSCOPE only uses one LAD for the
entire canopy, and from our results we provide evidence of vertical variation in leaf angle. Thus, a critical need for future
radiative transfer models is the additional capacity to directly
accept data generated by TLS.
Ó 2021 The Authors
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Given the ubiquitous use of PAI as a key ecosystem variable,
improving LADs in different forest ecosystems with TLSLEAF
has major implications for global ecological hypotheses, ecosystem modeling, and remote sensing. Large-scale leaf angle studies
are absent from the literature since objective and efficient means
of measuring this variable were unavailable. Now, TLS-based leaf
angle measurements will enable studies of leaf angle and its variation with seasonal change, abiotic constraints, and competition,
among other things. With an easy and automatic method of capturing leaf angle, these new measurements can be linked to biome
or plant functional type for use in functional ecological models
for refined photosynthetic rates, competition, ecosystem flux, and
light interception. For example, more accurate and independent
angular estimates of canopy PAVD through directly measured Gfunctions will improve estimates of canopy complexity – a strong
predictor of ecosystem biodiversity (Walter et al., 2021). Likewise, more direct characterization of leaf angle will directly
impact remotely sensed estimates of PAI, from ground-based
(hemispherical photography or TLS) to air and space-borne
(multispectral optical; LiDAR) sensors (Tang et al., 2012; Hancock et al., 2019; Dubayah et al., 2020). From a low or nearnadir view angle, accurate estimates of the G-function are key
since they act as a highly sensitive nonlinear scalar on estimates of
PAI. Using Eqn 8, we found that the k coefficient (cosðθÞ=G ðθÞ)
at a nadir view angle nonlinearly varies between 1 and 20, with
the most sensitive range occurring with low G-function values. A
number of the forest types evaluated here had major differences
in the G-function at low view angles, depending on the means of
characterizing LAD – further motivation for incorporating TLS
LADs into remote-sensing estimates of PAI moving forward.
TLSLEAF is an efficient open-source processing framework
that automatically derives LADs from single-scan TLS data. We
anticipate further algorithm improvements may come with more
robust wood–leaf classifiers in different ecosystems, smoothing of
local normal calculations, and individual leaf isolation, but the
current algorithm is automatic and effective. We also note laser
scanner quality (e.g. signal-to-noise ratio) will improve LAD estimates. To our knowledge, this approach is now the fastest and
most user-accessible means of calculating leaf angle and LADs
(Fig. 5). As such, TLSLEAF is poised to enable widespread automated scan-level processing of available TLS data, relevant for
addressing, among other things, ecological theory, remote sensing, and ecosystem modeling.
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Fig. S1 Visualization of simulation validation concept and simulation output.
Fig. S2 Minimum measurable leaf size for a given distance measurement at four scattering angles and assuming a 0.768 mrad
angular resolution.
Fig. S3 LAD sensitivity to voxel size ranging from 2 cm to 1 m
for the mixed deciduous forest site in Virginia, USA.
Notes S1 TLS acquisitions.
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