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ABSTRACT
With the development of increasingly advanced airborne sensing systems, there is a growing need to support
sensor system design, modeling, and product-algorithm development with explicit 3D structural ground truth
commensurate to the scale of acquisition. Terrestrial laser scanning is one such technique which could provide
this structural information. Commercial instrumentation to suit this purpose has existed for some time now, but
cost can be a prohibitive barrier for some applications. As such we recently developed a unique laser scanning
system from readily-available components, supporting low cost, highly portable, and rapid measurement of
below-canopy 3D forest structure. Tools were developed to automatically reconstruct tree stem models as an
initial step towards virtual forest scene generation. The objective of this paper is to assess the potential of this
hardware/algorithm suite to reconstruct 3D stem information for a single scan of a New England hardwood forest
site. Detailed tree stem structure (e.g., taper, sweep, and lean) is recovered for trees of varying diameter, species,
and range from the sensor. Absolute stem diameter retrieval accuracy is 12.5%, with a 4.5% overestimation bias
likely due to the LiDAR beam divergence.
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1. INTRODUCTION
Light Detection And Ranging (LiDAR), is an active sensing technique which measures range information by
recording either phase differences or return travel time for an emitted laser pulse. The emitted laser pulse is
deflected by a rotating mirror and is coupled with platform movement to allow rapid scanning of the scene.
Each emitted laser pulse is cast into the scene and may interact with object structure, causing a deformation in
the emitted signal as a function of time. Conversion based on the speed of light provides range measurement.
This, coupled with angular step and rotation/translation information, provides a precise description of laser
interactions at various three-dimensional (3D) locations.
For waveform systems, the full backscattered signal is digitized for each emitted pulse. For discrete systems,
such as the one used in this study, only one or several peaks of the full backscattered waveform are detected
and digitized. The result is a dense, 3D “point cloud” with hundreds of thousands, or millions of points. This
provides a permanent, measurable record of 3D object structure location.
In the past decade portable terrestrial LiDAR instruments have found increasing utility in terrestrial laser
scanning (TLS) applications. Historically, TLS has been used for industrial, geological, and civil engineering
applications, e.g., mining, infrastructure, or archaeology.1 More recently, however, the technology has also been
applied to a wide range of domains from computer vision, to reverse engineering, to 3D modeling for game design.
Of particular interest is the utility of TLS to rapidly measure forest structure. Trees are large and complex
objects, and a comprehensive measurement of their components (both individual position/size/shape and relational connectivity) is difficult if not impossible to assess using conventional techniques.1, 2 Nevertheless, the
spatial description and organization of tree structure among forests represents a key factor in ecological studies,
resource management, energy budgets, and reconnaissance/surveillance and warrants further study.3–5
In order to study these phenomena over large areas, while retaining the ability to quantify structural changes
at the fine scale, airborne sensing systems require spatially explicit ground truth data commensurate to the scale
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of acquisition. With the growing sophistication of airborne sensing systems, such as small-footprint waveform
LiDAR, there is a need to link observed data back to the true object structure at the fine scale. Terrestrial
LiDAR, which is well-suited to measure complex object structure and which provides a complementary viewpoint (terrestrial vs. aerial), may provide this link.6, 7 Such synergy could provide valuable insight into the
phemonenology and radiative transfer of airborne LiDAR pulses through tree canopies, and could guide system
trade-off studies, sensor design, and target detection algorithms.
However, raw point cloud data recorded by terrestrial LiDAR systems are unclassified, and represent just a
sample of the true object surface. Some studies have successfully used TLS point data to train regression-based,
ALS forest estimates at the plot-level8, 9 and tree-level.10 But for many studies, such as those utilizing sensor
simulations to generate synthetic imagery data for a virtual scene and collection parameters (e.g., DIRSIG; Digital
Imaging and Remote Sensing Image Generation11 ), geometrical models – not a collection of points – are required.
Thus the challenge remains to organize these point data into facetized surface models: i.e., to reconstruct the
underlying object structure from the sampled measurements (points). Spectral, optical, textural, and other
properties can then be applied to various surfaces to produce both structurally and radiometrically true virtual
forest scenes.
Significant work has been done to derive preliminary tree structural information, as commercial LiDAR
instrumentation have matured over the last decade. However, the cost, portability, and efficiency of available
systems can be a prohibitive barrier for some applications. We therefore developed a terrestrial laser scanner
from readily-available “off-the-shelf” components, supporting low cost, highly portable, and rapid measurement
of below-canopy 3D forest structure. Tools were developed to automatically reconstruct tree stem models as
an initial step towards virtual forest scene generation. The objective of this study is to assess the potential of
this hardware/algorithm suite to reconstruct 3D stem information for a single scan of a New England hardwood
forest site.

2. SELECTED LITERATURE REVIEW
Terrestrial laser scanning data has been shown to adequately measure both leaf structure information and woody
structure information in forested environments. In this paper we focus on the derivation of woody structure
information, particularly tree stems, as the first step to comprehensive forest modeling. Due to a wide range
of instrument specifications, forest types, and measurement geometries, numerous studies have been conducted
over the past decade to develop methods for recovery of tree stem models from TLS point cloud data.
Most TLS studies in forested environments have thus far been motivated by the incentive to replace traditional
forest inventory collection, and so have focused on a few key parameters.12–20 Standard forest inventory collection
includes measurement of readily-available tree- and plot-level variables such as stem diameter at breast height
(DBH (stem diameter-at-breast-height; 1.4 m above ground∗ above ground), basal area (ratio of the cross-section
of stem diameters at 1.4 m to the area of the land in which they occupy), height to first branch (useful for lumber
product assessment), and tree height. Early work in the literature included assessment of TLS to measure these
variables.
Forest mensuration using TLS has also extended beyond traditional inventory parameters, allowing for example, measurement of the tree stem at various heights above ground. Parametric modeling of a single beech tree
stem (including taper, lean, and sweep) was assessed using three co-registered scans from a Zoller and Frölich
Imager 5003.21 A series of overlapping cylinders were parameterized to fit point cloud data using LevenbergMarquardt optimization, with good visual assessment. Additionally, stem profile mensuration was assessed using
Reigl LPM-25HA scans of a Pinus taeda (loblolly pine) forest plot, with understory vegetation chemically controlled to increase tree visibility.22 Stem diameters were measured along the main stems, with several trees felled
for destructive sampling and measurement with a caliper. Though less accurate results were achieved above
the base of the crown (due to occlusion of the main stem and branch hits), the potential was demonstrated for
further structural assessment beyond traditional inventory parameters.
Most studies have focused on data processing from multiple, co-registered point clouds, taken from different
sensor positions to reduce measurement gaps due to occlusion. However, a few studies have estimated stem
∗
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attributes using single, unregistered scans. Single-scan LiDAR acquisition is preferable economically, but provides
additional challenges in post-processing due to the incomplete sampling of object structure.23
One solution which addressed this issue projected points in contiguous height ranges onto the x-y plane.10
The authors assumed trees stems are revealed in the form of densely-sampled, sensor-facing arcs, and used the
Hough transform to detect probable stem parameters. Similar techniques were employed in dense, mixed forest
stands using data acquired by a RIEGL Z420i instrument.24 A recent study evaluated the practicality of singlescan, plot-level tree stem detection and reconstruction, and concluded that collection efficiency can be improved
while still providing reasonable results.25
Terrestrial LiDAR data have also been used to produce detailed, precise 3D descriptions of tree architecture,
including precise measurement of various components such as boughs and branches. Early studies used semiautomatic approaches to iteratively fit cylinders along branch axes.2, 26, 27 Initial conclusions stressed the need for
further automation to support large-scale modeling. One automatic solution was presented using a topological
framework to rapidly classify and model detailed branch structure as a series of contiguous cylinders, based on
registered point cloud data obtained from a single scanned tree.28–30 An alternative solution proposed using the
point cloud measurements as attractors in a tree growth model.31 Branch growth and foliage are defined by light
transmission and resource competition models, resulting in probabilistic structurally- and radiometrically- true
virtual trees.
The ability of TLS and associated data processing suggest a remarkable potential for TLS data to capture
the complex natural structure of trees. However, thus far, extensive research has not gained traction on an operational scale. Plot-scale analyses have been limited to simple forest inventory variables and detailed structural
reconstruction techniques have only been applied at the tree level, often in controlled laboratory experiments or
ideal outdoor conditions. Furthermore, most studies have utilized expensive commercial systems and associated
proprietary software (for example, see Table 3 of Dassot et al., 20111 ), which limit the accessibility for some
applications.
Although there is a definite tradeoff between data cost and quality, inexpensive and off-the-shelf instrumentation and components are readily available. We hypothesize that (i) such instrumentation could provide the
TLS community with a niche product for rapid, economical forest structure characterization, and (ii) advances
in algorithm development may allow detailed tree structure characterization to be applied at the plot level, even
for single scans. We have developed a portable laser scanning system at a cost of under US$ 10k, allowing rapid
scanning of forest plots (20 m radius) at under one minute per scan. Furthermore, we have developed processing
tools to automatically reconstruct tree stem diameters at the plot level, using single scans. Additional details on
the TLS system and algorithms are provided in Section 3.

3. METHODS
3.1 LiDAR System
The terrestrial LiDAR system was developed from readily available components at a cost of under US$ 10k. A
SICK LMS-151 laser scanner32 provides a lightweight (1.1 kg), weather-resistant sensing system which sweeps
out a 270◦ arc by mirror rotation. When coupled to a rotation stage scanning a range of 180◦ in azimuth, 270◦ x
360◦ coverage can be obtained from a single scan. A 905 nm laser is pulsed at 25/50 kHz, which provides rapid
scanning in approximately 30 seconds. Up to two returns per outgoing pulse are digitized. For sampling at the
highest resolution (0.25◦ ), up to 777,600 pulses are emitted by the instrument. The beam diameter is 8 mm at
the exit aperture plus a divergence of 15.0 mrad (about 158 mm at 10 m range). Measurement range is 0.5 m
to 50 m based on target reflectivity of 80%, with range accuracy reported to ±30 mm. System specifications
are comparable to those of commercial instrumentation (see Table 1), with the exception of 100× coarser beam
divergence.
Equally important is the system integration for rapid field measurement. The LMS-151 and rotation stage
are mounted on a tripod and tethered to a data logger and battery, which are mounted on an external frame
pack (Figure 1, left). The entire system can be transported and maneuvered between plots by a single operator,
without the need for repetitive set-up and tear-down. Furthermore, the scanning instrument can be mounted high
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Table 1. Specification of some terrestrial LiDAR instrumentation (adapted from Dassot et al., 2011).

Manufacturer
Model
Availability
Range finder
Wavelength (nm)
Measurement range (m)
Range accuracy (mm)
Spot size at exit (mm)
Beam divergence (mrad)
V×H field of view (◦ )
Pulse frequency (Hz)
Weight (kg)
a
b
c
d
e

RIEGL
LMS-Z420ia
commercial
time-of-flight
1,550
2-1,000
10 (at 50 m)
8
0.25
80 × 360
up to 11,000
18

Optech
Ilris-3Db
commercial
time-of-flight
1,535
3 - 1,500
7 (at 50 m)
14
0.15
40 × 40
up to 10,000
20

Zoller & Frölich
Imager 5003c
commercial
phase shift
780
1 - 53.5
3 (at 25 m)
3
0.22
310 × 360
up to 500,000
16

Faro
Focus 3D 120d
commercial
phase shift
905
0.6 - 153
2 (at 25 m)
3.8
0.16
305 × 360
up to 976,000
5

SICK
LMS-151e
experimental
time-of-flight
905
0.5 - 50
±30
8
15.0
270 × 360
up to 50,000
5

http://www.riegl.com
http://www.optech.ca
http://www.zf-laser.com
http://www.faro.com
http://www.sick.com

enough above the operator that scene measurement is unobstructed by the operator. The system is controlled
by a mobile device application interface.
The SICK LMS-151 scanner records the range (based on time-of-flight) and intensity for up to two returns per
emitted pulse. These measurements are coupled to mirror deflection and rotation stage information to provide
spatial data in terms of spherical (r, θ, φ) coordinates. The data can be visualized as an Andrieu projection
(Figure 1, right) where image columns corresponds to azimuth steps and image rows correspond to elevation
angle steps. These spherical measurements are then converted to (x, y, z) triplets for data processing.
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Figure 1. Portable terrestrial LiDAR system (left) showing SICK LMS151 and rotation stage mounted on tripod, tethered
to a data logger and power supply. Andrieu projection (right) of the recorded intensity data (histogram equalized) as a
function of azimuth and elevation angle.

3.2 Study Site
The study area is located in Harvard Forest, a 500 acre ecological research area located in Petersham MA.
The National Ecological Observatory Network (NEON) has set up validation plots for its airborne observation
platform (AOP), across various continental-scale ecological domains. Harvard Forest is the core site for NEON’s
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northeastern domain. Our site for this study is a 20 m × 20 m plot corresponding to NEON AOP validation
plot A31. The coordinates of the plot center are (+47.042133, −72.71459), UTM Zone 18N / WGS1984 projection. A sample RGB image from the site and an Andrieu projection LiDAR intensity image of the scene are
shown in Figure 1. The dominant species in the site are Quercus rubra (red oak) and Acer saccharum (sugar
maple). Additional cataloged species include Betula alleghaniensi (yellow birch), Betula lenta (black birch),
Betula papyrifera (white birch), Pinus strobus (eastern white pine), and Acer rubrum (red maple). The basal
area for the site is 41.21 m2 /ha. Herbaceous vegetation includes Osmunda cinamomea (cinnamon fern), which
had 70% coverage and 0.7 m mean plant height. Stem DBH measurements were made for all trees within the
site. Locations were also recorded (compass bearing and range) for trees with DBH > 10 cm.

3.3 Surface Reconstruction
The data processing challenge is to reconstruct the underlying object surface from the unclassified sample measurements. In other words, we assume that the point cloud P = {x1 , x2 , . . . , xn } is a finite set of samples of an
object surface S. xi ∈ R3 is the x, y, z position for the ith point in P. Our problem is to recover the underlying
object structure, e.g., tree (Ŝ = F (P)).
This surface reconstruction is an example of an inverse problem, which for this case is ill-posed due to the
existence of a non-unique solution.29, 33 Because of the limited view angles possible among terrestrial laser
scanning there will always be measurement gaps in the point cloud data due to occlusion of the emitted laser
pulse by opaque objects. This is true for multiple, co-registered scans, where a terrestrial platform precludes
adequate sampling of the upper canopy, but even more so for single scans, which can only sample the surface
visible to the instrument.
This ill-posed problem can be constrained by imposing geometrical assumptions on the object surface. In
the case of tree stems, we assume that the tree stem is composed of a series of small, contiguous cylinders. One
way to find the optimal parameterized surface for the measured point samples is to minimize the sum of squared
distances between the points and the surface. However, this technique can be prone to convergence to a local
minimum rather than the global minimum, and requires a good initial estimate of the parameters to avoid early
convergence. One technique which is robust to early convergence is RANSAC.34

3.4 RANSAC
The RANSAC algorithm (RANdom Sample And Consensus) is fundamental tool for estimating model parameters
from noisy data.34, 35 It is built on an iterative hypothesize-and-test framework. In the hypothesis stage, a
minimal sample set (MSS) is randomly selected from the input data set, and model parameters are computed
based on this reduced set. In the test phase, the elements of the entire data set are checked for consistency with
the instantiated model parameters. Elements can be either in the inlier set I or the complement, outlier set O.
The final model is the set of parameters which instantiated I with the largest cardinality.
One undesirable trait of RANSAC is sensitivity to the choice of the optimal noise threshold that defines
which data points are inliers or outliers to the model.36 Too large a threshold results in equally ranked (good)
hypotheses, which may not give an optimal solution. Too small a threshold results in instability. Torr and
Zisserman (2000) proposed the MSAC (M-estimator Sample Consensus) algorithm to compensate for this effect.36
Instead of using cardinality to rank I, the likelihood of I is evaluated. The MSAC algorithm37 is used in this
study to avoid an undesirable dependence on error threshold.
RANSAC and its derivatives do remarkably well at converging to a stable solution even with >50% outliers
in a data set. However, in a typical forest scan, single tree stems may have few samples in relation to the full set.
The probability of successful convergence is small. One solution is to isolate subsets of points which maximize
the probability of inliers, and then in a second step perform model fitting. This framework is reflected in a
two-stage process: tree detection and region refining, as described below.
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3.5 Tree Detection
The goal of tree detection is to isolate subsets of points which have a favorable percentage of inliers. This increases
the probability of successful MSAC convergence for fine-scale “region” modeling of the local stem surface (stage
2). Tree detection is only concerned with global structure, therefore we make two assumptions. Tree stems do
not deviate from vertical by a zenith angle of more than θ0 . Furthermore, tree stems can be coarsely estimated
as a single cylinder (i.e., approximately straight). In the second stage, these constraints are relaxed and we allow
deviations in the local stem axis direction and θ ≥ θ0 to recover the fine-scale stem structure.
Tree detection is implemented as an iterative process whereby point subsets Λ are defined from the full set L,
and tested using MSAC to determine if a potential tree stem exists. Λ is defined as a rectangular voxel of height
h and width w, and centered on a randomly chosen point ` ∈ L. Voxel size is chosen such that all samples of a
potential tree stem surface T are guaranteed to be contained within Λ, if the center point ` is a sample of that
surface T . In the limit, this requires that the voxel width w = h · tan(θ).
Λ is then tested using MSAC to determine if a potential tree stem exists. A cylinder model (Section 3.6) is
used to find the model parameters which instantiate the inlier set I with the highest likelihood. The paramaters
include lean azimuth angle α, lean zenith angle θ, radius r, x-center x0 , y-center y0 , and z-center z0 . A decision
is made based on the result to remove a subset of points: If θ ≤ θ0 , ` ∈ I, and |L| ≥ N0 the candidate tree stem
is guaranteed to be contained within Λ. I is removed from L, and I is stored in a tree candidate set H for local
modeling in stage 2. If θ ≤ θ0 and |L| ≥ N0 but ` ∈ O, then T is not guaranteed to be contained within Λ and
only ` is removed from L. If θ ≥ θ0 or |L| ≤ N0 , and the dominant cylindrical structure within Λ is likely not a
stem. The set Ψ = {ψ1 , ..., ψs } which satisfies |`x − ψi,x | ≤ w/2 and |`y − ψi,y | ≤ w/2 is removed. The process
continues until the cardinality |L| falls below a specified minimum N0 .
Pseudo-code is presented in Section 3.5.1. The results of this process are a series of candidate tree stem point
subsets. The next step is to model local stem structure along the vertical extent of each potential tree stem by
parameterizing contiguous cylinders to fit the local measurement samples.
3.5.1 Pseudo-code
Set N0 , the minimum number of points in a subset.
Set θ0 , the maximum lean angle.
Set h, is the height in the z direction.
Define a voxel width w:
w = h · tan(θ0 )

(1)

j←0
L←P
while |L| ≤ N0 do
Select a point ` from L at random.
Select Λ = {λ1 , ..., λq } as the set of all points that satisfy:
Λ

⊆

L

(2)

|`x − λi,x |

≤

w

(3)

|`y − λi,y |

≤

w

(4)

Find the inliers I and outliers O to a cylinder model using MSAC such that
I
O

⊆ Λ

(5)

⊆ Λ

(6)

I ∩O

= {∅}

(7)

I ∪O

=

(8)

Λ

The model associated with the inlier set I has the following cylinder properties: lean azimuth angle α, lean
zenith angle θ, radius r, x-center x0 , y-center y0 , and z-center z0 .
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if (θ ≤ θ0 ) AND (` ∈ I) AND (|L| ≥ N0 ) then
j ←j+1
Hj ← I
L ← Λc ∪ O
else if (θ ≤ θ0 ) AND (` ∈ O) AND (|L| ≥ N0 ) then
L←L\`
else
Select the set of points Ψ = {ψ1 , ..., ψs } as the set of all points that satisfy:
Ψ ⊆

L

(9)

|`x − ψi,x |

≤

w/2

(10)

|`y − ψi,y |

≤

w/2

(11)

L←L\Ψ
end if
end while

3.6 Cylinder Model
A cylinder model is used with MSAC to parameterize the potential tree stem surface which best fits the sampled
measurements. This is implemented with two nested MSAC subroutines: (i) line fitting and (ii) circle fitting of
the projection of points onto the plane orthogonal to the line. For a set Λ, a MSS is selected using two randomly
chosen points λa and λb such that λa 6= λb . A line u is fit through λa and λb . All points in Λ are projected onto
the plane orthogonal to u to give a set V ⊂ R2 . The density of V is computed and a subset W is chosen to isolate
points of high density. This reduces the effect of branches or other noise during parameterization of the cylinder
radius. An MSAC subroutine is then used to fit a circle to the points in W. Three unique points wc , wd , and
we are chosen at random as the MSS and a circle is parameterized
based on the Kasa Method.38 The circle is
p
2
defined by its center c ∈ R and radius r. The error i = (wi − c)T (wi − c) − r is computed for all points in
W. The inlier set I is determined based on |i | < 0 . The MSAC model is relatively insensitive to the choice
of 0 . The top-level MSAC cylinder fit algorithm continues until a stopping criterion is reached. The cylinder
parameters which instantiated I with the highest likelihood are returned as the best model. Pseudo-code is
presented in Section 3.6.1.
3.6.1 Pseudo-code
Use MSAC to fit a cylinder:
Use MSAC to fit a line:
Select two points λa and λb from Λ at random such that λa 6= λb .
u = λa − λb
V = {v1 , . . . , v|Λ| }|V ⊂ R2 , vi = orthu (λi − λb )
Estimate the density of V.
W = {w1 , w2 , . . .} ⊆ V
Use MSAC to fit a circle:
Select three points wc , wd , and we at random from W such that wc 6= wd 6= we =
6 wc .
38
2
Use the
Kasa
Method
to
parameterize
a
circle
with
center
c
∈
R
and
radius
r
from these three points.
p
i = (wi − c)T (wi − c) − r
Compute inliers I: λi ∈ I if |i | < 0 and outliers O: λi ∈ O if |i | ≥ 0 .
Return model parameters, I, and O.

3.7 Local Region Modeling
Once potential trees have been detected, candidate point subsets Hj are modeled using a local cylinder fitting
approach. We partition each candidate tree set Hj into contiguous “regions” separated by height. The regions
are independently modeled using MSAC cylinder fitting. The cylinder model as described in 3.6 is used here,
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but with a small change. Density estimation is not performed, as the point subsets of Hj have already had
this operation performed in a previous step. Local region modeling allows precise reconstruction of tree stem
topology, direction, and radius.

3.8 Post-processing
Local modeling of the tree stem surface may result in some cylinder models that are not accurate reconstructions
of the true tree stem surface. This can be due to occlusion of the object resulting in measurement gaps,
digitization of foliage, branches, or other objects which are not the surface of the tree, wind or sensor movement,
and erroneous ghost measurements due to multiple scattering, signal blurring, or other sensor noise. Therefore,
we implement post-processing steps to refine the tree stem models. Two criteria are checked to compare local
cylinder parameters to median cylinder parameters for a given tree stem. Individual cylinder regions are removed
if they exhibit anomalous radii or direction. This is defined in terms of deviation from median cylinder parameters
for a given tree stem. Parameters are chosen based on an a priori understanding of tree species/structure. Further
work is necessary to evaluate sensitivity to these parameters. After removal of anomalous cylinder regions, it is
necessary to interpolate gaps in modeling and generate a resampled surface with smoothed edges. Each tree stem
axis is interpolated using a spline fit to determine the continuous tree stem axis. Cylinder radii are smoothed
using a linear fit. Tree stems are then extended to intersect with the digital elevation model (DEM).

4. RESULTS
The result is a facetized reconstruction of the tree stem surface. This is shown in Figure 2. Point cloud data
are shown in gray for the 20 m × 20 m plot, and the recovered tree stem structure is visualized as contiguous,
colored cylinders. The surface of each cylinder is colored according to its diameter. Larger diameters correspond
to warmer colors. Thus, the taper of individual tree stems can be clearly visualized. Detailed characterization
of 3D tree stem structure (taper, sweep, and lean) is recovered, even with a single LiDAR scan taken at the plot
center. Note that precise fit to the data points is achieved even with an incomplete sampling of the tree stems
(see Figure 2: Zoom, green stems). Furthermore, good fit is achieved for small tree stems with just a few point
samples across their diameter (Figure 2: Zoom, blue stems). Even at far range, tree structure is adequately
recovered (Figure 2: Zoom, yellow stem).
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Figure 2. Point cloud data (gray) with the recovered tree stem structure visualized as contiguous cylinder “regions”. The
cylinder color corresponds to the modeled diameter. A magnified image of the center boxed area shows additional detail.

Quantitative assessment of modeling accuracy is performed by comparing LiDAR-derived DBH measurements
to those measured in field. DBH is easily measured from the tree stem models in conjunction with the DEM.
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This provides a simple assessment of tree detection and modeling accuracy. Reference DBH measurements
were made for all trees within the plot boundary. Furthermore, reference stem locations were recorded for
all trees of DBH > 10 cm. Reference stem locations were measured with a tape measure and compass. It
is assumed that the LiDAR-derived stem measurements provide greater locational accuracy. A map showing
LiDAR-derived (red) and reference (blue) stem cross sections is shown in Figure 3. For small trees, it is difficult to
compare DBH measurements at the object level due to ambiguity and reference location precision. Nevertheless,
some correspondences can be made with confidence. These are shown in Table 2. The table is sorted by xcoordinate of stem location. Gaps in the table indicate errors of either omission or commission. Errors of
commission are dominated by false detection of small trees. In some cases, these trees exist but their true
DBH is < 10 cm and therefore was not recorded. Errors of omission are likely a result of occlusion due to
beam shadowing. No compensation is made to account for this effect, however in future work multiple scans
or occlusion compensation39 could be utilized to estimate basal area and volume. Absolute stem DBH retrieval
accuracy is 12.5%, with a 4.5% overestimation bias likely due to the LiDAR beam divergence.
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Figure 3. DBH map showing location and cross section of tree stems for LiDAR-derived trees (red) and reference measurements (blue) for NEON AOP validation plot A31.

5. CONCLUSIONS
We presented tools to automatically reconstruct 3D tree stem models at the plot level using a portable, singlescan terrestrial LiDAR system developed from off-the-shelf parts. Detailed stem structure is recovered for
trees of varying stem diameter and range from the sensor, even with only partial sampling of the stem surface
and with a relatively large laser beam divergence (15.0 mrad). Absolute stem diameter retrieval accuracy
is 12.5% with a 4.5% overestimation bias. This paves the way for rapid, cost-effective structural assessment of
forested environments, and presents an initial step towards realistic forest scene reconstruction. The development
of precise, structurally- and radiometrically-true virtual forest scenes could provide the explicit, fine-scale 3D
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Table 2. Per-tree DBH assessment (sorted by x coordinate of stem location). Gaps indicate errors of omission or commission.

NEON
Stem ID
806
——
805
——
780
——
804
803
802
800
801
——
——
781
782
799
783
——
798
784
——
785
795
——
——
——
797
786
787
796
788
——

Ref. (x,y)
Position [m]
(−7.84, +5.71)
——
(−6.88, +3.34)
——
(−5.06, −5.70)
——
(−3.54, +2.35)
(−2.22, +3.03)
(−1.16, +2.39)
(−0.56, +8.72)
(−0.52, +6.29)
——
——
(+0.75, −7.47)
(+1.97, −7.96)
(+3.36, +8.53)
(+3.28, −5.38)
——
(+3.84, +9.77)
(+4.12, −4.65)
——
(+5.31, −4.44)
(+5.76, +3.13)
——
——
——
(+6.94, +7.81)
(+8.36, −4.92)
(+8.63, −7.69)
(+9.34, −15.22)
(+9.33, −2.84)
——

LiDAR (x,y)
Position [m]
(−7.58, +6.06)
( −9.94, +7.50)
(−6.81, +2.56)
( −5.02, −8.09)
(−4.99, −5.57 )
( −4.70, −5.42)
(−3.91, +2.27)
(−1.92, +3.11)
(−1.16, +2.56)
(−0.81, +8.61)
(−0.47, +6.34)
( −0.36, +8.52)
( −0.15, +9.75)
(+1.00, −7.63)
(+1.95, −8.16)
(+3.20, +7.86)
————
(+3.35, +10.01)
————
(+4.16, −4.56)
(+4.83, +9.12)
(+5.29, −4.14)
(+5.33, +3.23)
(+5.77, +9.10)
(+6.57, −5.31)
(+7.10, −2.27)
(+7.16, +7.72)
(+8.54, −4.72)
————
————
(+9.55, −2.64)
(+9.80, +2.47)

Ref. DBH
[cm]
39.70
——
10.00
——
44.50
——
11.00
31.50
31.50
47.50
22.10
——
——
40.80
21.00
12.50
19.50
——
32.70
22.20
——
25.20
10.80
——
——
——
52.00
39.90
11.00
44.80
31.20
——

LiDAR DBH
[cm]
38.28
12.85
14.11
10.22
42.55
11.27
12.38
31.71
30.68
37.29
21.65
19.65
17.14
44.15
13.67
14.13
——
13.96
——
25.86
12.59
26.58
13.25
13.53
13.65
10.30
52.45
41.38
——
——
36.92
12.10

DBH %
Difference
−3.57
——
+41.09
——
−4.37
——
+12.53
+0.67
−2.59
−21.50
−2.04
——
——
+8.20
−34.92
+13.02
——
——
——
+16.48
——
+5.48
+22.70
——
——
——
+0.86
+3.72
——
——
+18.33
——

structural ground truth necessary for the design, modeling, and development of the next generation of advanced
airborne sensing systems.
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