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Abstract
Segmentation of 3D point clouds is still an open issue in the case of unbalanced and in-homogeneous data-sets. In the
application context of the modeling of botanical trees, a fundamental challenge consists in separating the leaves from the
wood. Based on deep learning and a class decision process, we propose an innovative method designed to separate leaf points
from wood points in terrestrial LiDAR point clouds of trees. Although simple, our approach learns trees characteristic point
patterns efficiently and robustly. To train our 3D deep learning model, we constructed a 3D labeled point cloud data-set
of different tree species. Experiments show that our 3D deep representation together with our geometric approach leads to
significant improvement over the state-of-the-art methods in segmentation task.

Keywords Point cloud segmentation · Terrestrial LiDAR · Unbalanced data-set · Deep learning

1 Introduction

This paper presents a novel method, based on a deep learn-
ing approach, designed to address a major challenge in
point cloud computing: segmenting leaves and wood in point
clouds acquired in forests environments. The automatic pro-
cessing of 3D point clouds has received increasing attention
with the emergence of close-range 3D acquisition technolo-
gies, such as time-of-flight cameras and laser scanners. Those
scanning processes have a wide range of applications: Archi-
tecture, urban planning, medical imaging and support for
self-driving cars are some of their most noted areas of use
, while assessing features of natural environments such as
forests is a major challenge ahead. As the accuracy of such
devices allows to produce extremely faithful point clouds of
the geometry surroundings, their high acquisition rate comes
with a trade-off: Massive amount of data are produced that
need to be further filtered, classified and reconstructed in
order to extract any relevant geometric information.
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In the recent years, the capability of Terrestrial Laser Scan-
ning (TLS) devices to capture detailed information about
the structure of the environment surrounding the sensor has
attracted increasing attention in the field of forest science.
Indeed, TLS enables 3D forest geometric information to be
acquired at high speed [12], with applications ranging from
ecology to forestry (forest monitoring, sustainable develop-
ment) and industry (harvest planning, sawmill optimization).
In the field of forestry, TLS data have, for instance, been suc-
cessfully used to enhance allometric theory [37]. This theory
consists of a set of general relations derived from a large com-
pilation of forest measurements. It provides an estimate of
the tree structure according to a few given parameters, such
as the diameter at breast height (DBH: diameter of the stem
1.30 m above the ground) and the tree height. Another impor-
tant application is the modeling of individual trees from TLS
data, and especially woody parts of trees (see, for instance,
[20,49] or [33]) both in order to enhance growth modeling
and carbon storage assessment.
While sensors capture information equally on the woody part
of trees and on their leaves, the nature of information in both
of them, however, largely differs and so does algorithmic
approaches. On the one hand, woody part of trees is sur-
faces and as such, most associated works rely on geometric
models and methods. On the other hand, point density in
the crown is too low to assess leaves surfaces precisely, and
state-of-the-art works usually extract statistical parameters to
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assess porosity, leaf area index or average biomass. There-
fore, segmentation of point clouds acquired in forests that
stands between leaf and wood is the first step of a complete
processing line of TLS data. However, to the best of our
knowledge, this objective had not been tackled yet.

To overcome the challenge of extremely dense, unbal-
anced, in-homogeneous and noisy data that present large
occlusions, our idea is to rely on a careful global partition of
space together with a deep learning model designed to reason
about local 3D geometric information in order to assess the
point classes. One of the challenge we intend to face is the
large variability of leaves and wood configurations between
tree species. This is a major limitation of most state-of-the-art
methods which rely on geometric or signal (intensity) infor-
mation: The variability is so high that they actually need to be
tuned for any given species. This is clearly impossible when
data are acquired in a natural heterogeneous forest stand,
and this is the reason why we choose to use a deep learning
approach.

This paper is organized as follows: In Sect. 2, we describe
related works (both for point clouds segmentation and deep
learning networks). In Sect. 3, we introduce our approach,
and in Sect. 4, we detail its validation. In Sect. 4.3, we discuss
these results, and we conclude in Sect. 5 on our perspective
and future works.

2 Related work

2.1 Forests remote sensingmethods

In the fields of ecology and forestry, existing approaches usu-
ally rely on the intensity of the reflected signal to segment
wood from leaves points [2,11,40]: Points are classified by
determining an adequate threshold on the intensity value.
However, the wavelengths and powers of different LiDAR
systems are not consistent [28], which makes the intensity-
based segmentation method dependent on the sensor used.
Moreover, trees reflect lights differently according to their
species which limits the use of this method on forest scenes
presenting various species.

Aside intensity, the 3D coordinates of each point acquired
are the essential information provided by a LiDAR. To
the best of our knowledge, only few works performing the
wood/leaf separation using geometry have been reported:
[61] slices horizontally the point cloud and detects circle-
like shapes, while [14] uses DBSCAN [13] to identify wood
and non-wood point. While those methods show promising
results, they have been developed considering couple of tree
species approaches and thus lack the robustness to process
other trees species and architectures.

The methods proposed today rely on geometric properties
of the neighborhood only [8,62,72], on the spectral response

of the sensor [22] which makes the method hardware locked
or on a specific data captured [56] which is not doable in
complex forests.

More generally, in the field of remote sensing, several
works rely on random forests [6], a statistical classification
approach based on a nonparametric regression method or on
support vector machine (SVM) classifiers[60]. As such, they
require large training sets, and thus, they deal either with the
classification of LiDAR data in urban environments [19,35]
or with the processing of airborne laser point clouds [70,71].

Recently, [7] highlighted the efficiency of deep learning
to segment tree species at the scale of aerial LiDAR scans.

2.2 Geometric methods

To overcome the challenge of classifying point clouds into
multiple homogeneous regions, several methods have been
proposed, based on the assumption that points in the same
region have the same properties (see the survey [34] for more
details).
Edge-based methods focus on range images in which
objects edges can be extracted using imaging techniques
[4,55]. They allow fast segmentation but are first restricted to
range images and then suffer from accuracy issues with noise
and density variations existing in usual 3D scanned data.
Region-based methods rely on the neighborhood informa-
tion to form clusters of points that have similar properties.
Some of them follow a region-growing approach by adding
neighbor points to seed points if they satisfy certain criterion.
([42] and [36] proposed surface-growing approach to seg-
ment main objects in terrestrial laser scenes.) On the contrary,
some others [9] start by grouping all points and then proceed
to a subdivision till a given standard is reached. In addition
to being time-consuming, those methods are not adapted to
the occlusion phenomenon existing in the scanned trees point
clouds.
Attributes-based methods first compute attributes at each
point and then cluster the points based on those attributes.
They are robust for grouping points into homogeneous
regions ([15,16] perform in clustering points distributed on
surfaces), but are time-consuming.
Model-based methods adjust geometric primitive shapes for
clustering points. Among them, the well-known RANSAC
[17] and Hough transform [1] have been used in several
works on tree modeling [47,48]. However, shapes recogni-
tion approaches require a sufficient sampling. Hence, these
methods perform well on the trunk and main branches but
fail on crowns and small branches.
Graph-based methods consider each point sample as a node
connected with edges to certain of its neighbors, to build a
3D graph on the point cloud. [18] builds on this principle to
segment foreground points from background ones. [54] seg-
ments planar surfaces by computing local feature descriptor
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called Fast Point Feature Histograms (FPFHs) [53]. While
handling noisy and in-homogeneous data, those methods are
designed for robotic application, but remain time costly in
the context of forest study.

2.3 Deep learningmethods

In the recent years, the availability to huge data-sets opened
the door to approaches based on learning process from the
data. Because deep learning on 2D images has been vastly
researched in the past few years, especially deep convolu-
tion networks [27], and achieves excellent results, several
works investigated their adaptation to 3D data. While some
works rely on 3D indexing structures to translate the convo-
lution architectures to the 3D world, others consume directly
unordered 3D point clouds. Details on those two different
approaches are given in the next paragraphs.
3D structures-based approaches. Pioneer works, applying
deep learning to 3D data, transform such data into 3D voxels
grid [31,67]. However, 3D convolutions computation cost
proves to be prohibitive while dealing with large data-sets. To
cope with that limitation, some methods exploit the sparsity
in the input data by relying on an octree grid [51]. Other
approaches [45,59] project the 3D data onto 2D images and
then apply 2D regular deep learning techniques to classify
them. While achieving dominating performance on shape
classification and retrieval tasks on relatively simple shapes,
those methods cannot scale to larger point clouds; indeed,
the choice of the point of view for the projections becomes
problematic.
3D points-based approaches. In the recent years, impor-
tant works focus on deep learning directly on 3D point
sets. While avoiding voxelization which makes data unnec-
essarily voluminous and causes discretization issues, those
approaches bring new challenges. Indeed, as point clouds are,
by nature, unstructured, no grids are intrinsically defined to
perform convolutions filters. Moreover, point sets are obvi-
ously invariant under permutations of their elements. With
this in mind, [44,50] open the door by training a multilayer
perceptron on each point separately, with shared weights
across points. Soon after, [46] improves the method by fol-
lowing a multi-scale approach to take into account the local
neighborhoods of points. To cope with the order and struc-
ture problems, [24] embeds the point cloud into a kd-tree
and uses it to learn shared weights for nodes in the tree.
PointCNN [64] and superpoint graph [25] rely on a graph
structure to capture local geometric features of point clouds
while still maintaining permutation invariance. Recently, in
the application context of autonomous driving, several works
[26,43,57,73] build upon PointNet++ to propose innovative
object detection methods.
In the field of forest TLS scan processing, the high number of
points is a limiting factor, which makes graph-based methods

too expensive. The simplicity and the performance of Point-
Net++ bring out this network as the best alternative to build
upon.

3 Our approach

3.1 General overview

Our work is based on a deep learning model, whose
classification properties have already been mentioned. Our
main contribution is an original and judicious interweaving
between deep learning and geometric approaches. We define
a partition of space allowing to split an unordered 3D point
cloud into overlapping fixed size regions, each of them encod-
ing the 3D local points distribution. Figure 1 gives a general
overview of the approach.

More precisely, our method focuses on accurately deduc-
ing point labels in dense and complex data-sets presenting
density drift. In our application context, namely data acquired
in forest environments, point clouds can be very large (up
to billion points) and dense (up to millimeter resolutions).
However, large occlusions and noise largely alter accuracy,
while data size is a bottleneck for further geometric com-
putations. Therefore, we first subsample the point cloud and
then enrich it with local geometrical information by assess-
ing local descriptors at each point. As stated before, we then
define a covering of input data by overlapping batches of
3D points. These fixed size batches are designed to properly
feed (and train) a deep learning model; this model eventu-
ally predicts a label for each point of each batch. As batches
largely overlap, each input point belongs to several batches.
As a last step, we define a class decision process on batches
predictions to obtain the final segmentation.

The following sections describe more carefully these steps
and their sequencing.

3.2 Data description

In our context, we deal with 3D point clouds acquired in
forested environment. Although they have a millimeter pre-
cision, data-sets acquired by laser scanning devices present
constraints such as in-homogeneous sampling, occlusion and
noise. Indeed, the non-trivial topology of branches together
with the complexity of the scanning environment induces
large and numerous occluded areas, expanding both in size
and number far from the sensor. Those intricate occlusions
are highly challenging for point clouds processing. In this
application framework, our problem sums up to 2-class (leaf
and wood) classification problem. However, because of the
geometric characteristic of trees, the classes are not repre-
sented equally. Indeed, the accumulated surface of the leaves
is superior to that of trunk and branches, which make the
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Fig. 1 General overview of our approach

leaves more susceptible to be hit by the laser. On average,
we observed a ratio of the class-leaf to class-wood of 3:1.
Class imbalance leads to misleading classification accuracy.
Usually, it is tackled by employing over-sampling (adding
instances to the minority class) and under-sampling (remov-
ing instances from the majority class), or cost-based learning,
which is when the costs of false negatives and false posi-
tives are different [21]. In our application context, namely
the defoliation of LiDAR scanned trees, the objective is to
segment wood points for further study such as carbon seques-
tration estimation. As the imbalance drives the model to
over-classify leaves in our case, it plays in our favor. The
wood classification arising from the imbalance is simply cor-
rected by a class decision process, described in Sect. 3.6.

Because of the spherical geometry of the TLS scanning
process, the spatial sample distribution suffers from dispar-
ity: Many 3D points are located on the trunks, close to the
sensor position, whereas less points are located on the upper
part of the trees. In order to limit the redundancy of geomet-
ric information at the level of detail required for architecture
study, we subsample the raw point clouds by using Poisson
disk sampling. At the same time, this process speeds up the
computation by reducing the problem complexity.

3.3 Local descriptors computation

In view of the complexity of point clouds acquired in for-
est environments, assessing the differential properties of the
underlying surface is actually a key information. The local
normal at each point is a first-order descriptor that can be esti-
mated by different methods in point clouds (see, for instance,
[23]). And actually, 3D point-based deep learning architec-
ture such as [46] shows that enriching data with normals
improves classification accuracy. However, the local geom-
etry of points neighborhoods is more precisely described by
higher-order invariant such as curvatures and it is well known
that such differential measures can be efficiently estimated
in point clouds by local PCA analysis on the distribution of
points (see, for instance, [38] for a survey). This PCA analysis
helps in the classification of the points by giving an insight of
the geometrical distribution of the neighborhood. Our goal is
to separate the trunks and big branches (which have a neigh-
borhood likely distributed in 2D), from the small branches
(which have a neighborhood likely distributed in 1D) from
the leaves (which present a neighborhood distribution in 3D).

More precisely, given a set of points P = {pi }i=1...N ⊂
R3, the local covariance matrix at point pi = [xi , yi , zi ] is
given by:

Ci = 1

k

�

p j ∈Nk (pi )

(p j − p)(p j − p)T ,
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Fig. 2 3D point cloud colored according to its σ {0,1,2} values

where Nk(pi ) denotes the k-neighborhood of pi and p the 3D
centroid of Nk(pi ). (From our experiments, k = 32 appears
as a good choice.) Let λi

0 > λi
1 > λi

2 denote the eigenvalues
of Ci , then we define the following ratios:

σm(pi ) = λi
m�

l∈{0,1,2} λi
l

, m ∈ {0, 1, 2},

quantifying the 3D distribution of the neighborhood at each
point pi . Given an appropriate structure for neighborhood
computations (such as octrees or kd-trees), these ratios can be
computed in constant time. They prove to be invariant under
rescaling [52] which is a key property on data-sets presenting
density changes. Therefore, σm stands as the adequate local
descriptor. In the remainder of this paper, we consider the
enriched point cloud P = {pi }i=1...N ⊂ R6, where pi =
[xi yi zi σ 0

i σ 1
i σ 2

i ]. Figure 2 highlights the relevance of
such geometric descriptors while dealing with point clouds
acquired in forests: While σ 0 and σ 1 present extrema on
the small branches, σ 2 minima are mainly distributed on the
woody part of the tree.

3.4 Batches decomposition

Complete tree point clouds are not in regular format for
being directly fed into a neural network. Indeed, convolu-
tional architectures work on sequences of samples of same
size. To meet both this criterion and learning requirements,
we define a suitable covering by batches. We thus divide the
input point cloud P into M batches Bi , i ∈ {1 . . . M}, whose
size 2048 is linked to the architecture of our further described
deep learning model. In order to guarantee a fair sampling of
the initial point cloud in spite of all the features pointed out
earlier (density shifts and occlusions), those batches overlap
each other and their union completely covers P . More pre-
cisely, we embed the point cloud P into an octree grid and
then distribute collocation points ci , i ∈ {1 . . . M} at the cen-
troids of every occupied voxels. Then, we form each batch
Bi by considering the 2048 nearest neighbors of each collo-
cation points ci . Figure 3 illustrates the collocation points on
a tree point cloud and displays a close-up on batches over-
lapping.

Fig. 3 Distribution of the batches centers (left), represented as small
square black boxes. For three centers circled on the left part of the figure,
we display the corresponding batches of 3D points on the right side of
the figure, in green, blue and red

3.5 Deep learningmodel

Our deep learning architecture is heavily inspired by Point-
Net++ [46]. The main idea is similar to convolutional neural
network. The model computes local features capturing fine
geometric structures at small scales; such local features are
further grouped into larger units and processed to produce
features at larger scales. This process is repeated until the
whole point cloud features are assessed. In practice, we train
a multilayer perceptron on each point pi of each batch B j ,
projecting the points in a 2048 dimensions space. Since point
clouds are unordered, the aggregation steps cannot depend on
the order of the input. In order to make the system invariant to
point permutation, we use a symmetric function (max-pool)
over the points that yields a 1 × 2048 global signature s j of
the input batch B j , which is a global feature describing the
whole batch geometry. The combination of local and global
features is achieved by concatenating the global signature
to each point features: pi = [xi yi zi σ 0

i σ 1
i σ 2

i s j ]. Then,
we assess new per-point features relying on both local and
global geometry, leading to the attribution of label per point.
Finally, the geometric details at different scales are com-
bined by following a multi-scale approach. Starting from
the entire point cloud, points are grouped into some num-
ber of clusters and condensed into a single point that carries
new information. The well-known network PointNet [44]
previously described is applied recursively those multiple
sub-point clouds to combine features from multiple scales.
To sum up, technically, the input of the model is 2048 × 6-
dimensional points and the output is 2048 × 2-dimensional
scores, one for each class. In practice, we fed the network
with a sequence of batches, whose generation is described
in the previous Sect. 3.4, and that presents the appropriate
dimension.
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Fig. 4 Sample of mesh models. The 7, 8, 11th trees counting from the left are free 3D models gathered online, and the rest were designed with
“The Grove”

3.6 Class decision process

Since the batches of points are overlapping, each point
of the 3D cloud belongs to several batches. Thus, each
point receives various predicted labels, one for each batch it
belongs to. The segmentation results provided for each batch
are compiled through a class decision process: Among every
batches Bi a point belongs to, if it is classified at least once as
wood, then its class is fixed as wood. We retained this class
decision process as it appears the most efficient to cope with
the class imbalance and the segmentation goal presented in
Sect. 3.2.

4 Experiment and validation

In order to train our deep learning model and to evaluate its
learning ability, labeled point clouds of trees are required. To
generate a data-set representative of different trees features
and architectures, we simulate 3D point clouds from artificial
3D trees models, as described in the following Sect. 4.1.
Quantitative and qualitative results of predictions are then
presented in Sect. 4.3.

4.1 Training data generation

We first designed mesh models of realistic trees using Blender
and its plugin The Grove [68]. This plugin stands as a frame-
work to design accurate tree models thanks to its smart
management of the leaves arrangement on the plant stem
and the realistic orientation of the tree’s smallest branches.
It also proposes several presets that handle a wide range of
tree characters, allowing us to produce meshes covering a
representative variety of tree forms. This collection has been
enriched by free models gathered online. Figure 4 gives an
insight of the 3D models collection.

Then, from those tree mesh models, we used a TLS simula-
tor to generate point clouds. This simulator is based on PBRT
[41] and emulates the interactions using a ray casting method.
In order to apply labels to each point, we went through to the
following process, illustrated in Fig. 5: Tree data created from
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Fig. 5 Generation of training data from the mesh model (left) to the 3D
point clouds (right)

“The Grove” plugin are originally separated into wood and
leaves sub-meshes. We virtually scanned these sub-meshes
independently, giving two point clouds, respectively, Pwood

and Pleaves . In the concern of reporting the occlusion phe-
nomena in real TLS scans, we virtually scanned the full mesh
to produce the full point cloud Ptree. Finally, for each point
pi ∈ Ptree, we compared the distance to the nearest neighbor
in Pwood and Pleaves ; the smaller distance stated the label of
pi . To artificially increase the size of our training data sam-
ple, we repeated this process for eight virtual scan positions
evenly distributed around the reference mesh. The virtual
LiDAR was situated at 1.5 m height, at a radial distance of
5 m from the trees. Each simulated point cloud has about 3
million points.

4.2 Accuracy estimation

Accuracy of our segmentation method was assessed by com-
paring the number of points labeled as wood/leaf during the
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data generation described in the previous Sect. 4.1 with the
outputs of the class decision process described in Sect. 3.6.
Considering Tw and Tl the number of points correctly labeled
as wood and leaf, respectively, and Fw and Fl the number of
points incorrectly labeled as wood and leaf, respectively, the
accuracy was determined using the following metrics usually
used in the literature [3,10,30]:
Cohen’s Kappa κ reports the possibility of agreement occur-

ring by chance. It is computed as: κ = 1 − 1 − po

1 − pe
,

wi th

�
po = Tw + Tl ,

pe = (Tw + Fw) · (Tw + Fl) + (Tl + Fl) · (Tl + Fw)

Matthews correlation coefficient MCC is recommended
for unbalanced classes. A value of 1 corresponds to a per-
fect prediction, and a value of 0 corresponds to a random
prediction, whereas a coefficient of −1 represents total dis-
agreement in the prediction. It is computed as:

MCC = Tw · Tl − Fw · Fl√
(Tw + Fw)(Tw + Fl)(Tl + Fw)(Tl + Fl)

Overall accuracy O A indicates the closeness of predictions
to simulated labels. It is usually not sufficient in the case of
unbalanced classes:

O A = Tw + Tl

Tw + Fw + Tl + Fl

Bias score BS indicates, whereas the model underestimates
the number of wood points (BS < 1) or overestimates them
(BS > 1):

BS = Tw + Fw

Tw + Fl

Completeness Comp and Correctness Corr : Complete-
ness represents a measure of omission error, whereas cor-
rectness is indicative of the probability that a point labeled
as wood represents that category on the field:

Comp = Tw

Tw + Fl
, Corr = Tw

Tw + Fw

4.3 Experiments and discussion

First, the method efficiency is assessed by comparing pre-
dicted labels to the ground truth on simulated data. Then,
predictions on real TLS scan with a previously trained model
are demonstrated, in order to highlight the ability of the
method to process real data.
Experiments on simulated point clouds We evaluate our
approach on the data-set described in Sect. 4.1. Each point

of this simulated data-set has a label, considered as ground
truth. The validation consists in comparing the labels pre-
dicted by our model to this ground truth. In practice, it was
done by computing the accuracy indices listed in Sect. 4.2.
For our training, we adopted Adam optimizer for the opti-
mization of loss function. We set the initial learning rate as
10−3, momentum 0.9 and batch size 32. The learning rate
is divided by 2 every 20 epochs. All fully connected lay-
ers are followed by a batch normalization layer. The decay
rate for batch normalization starts with 0.5 and is gradually
increased to 0.99. Considering a training data-set of 24 point
clouds (2M points each), the training takes 4–5 h on GeForce
RTX 2080 GPU. In this experiment, we compare our segmen-
tation method with the stem/crown segmentation technique
Treeseg [8] and with the machine learning techniques SVM
classifier [60], random forest (RF) classifier [6] and Point-
Net++ [46]. We used the GPU implementation of SVM [65]
with RBF kernel and C = 100, the implementation of RF
available in “Scikit-learn” [39] and the PyTorch implementa-
tion of PointNet++ [66]. The data-sets were subsampled and
enriched with local descriptors for all the compared methods.

At first, we trained a generic model on 12 trees show-
ing different architecture. For each tree, we considered 4
point clouds originating from 4 virtual scan positions evenly
distributed. After training, we predicted the labels of scans
coming from a different virtual scan position for those same
12 trees. The accuracy is reported in Fig. 6. Then, in order to
assess the flexibility with regard to the tree architectures,
we ran a second test: Keeping the generic model trained
previously on 12 trees, we examined the predictions on an
additional tree, presenting a different architecture (absent
from the training set). We inferred the labels of 8 point
clouds coming from 8 virtual scan positions for the extra
tree; the accuracy is presented in Fig. 7. Finally, we trained
and inferred a classification using only one tree architecture.
We thus measure the segmentation efficiency on point clouds
acquired in a single tree species environment such as tree
plantations, for instance. To do so, we trained a specialized
model on 16 scans from 2 different trees presenting a similar
architecture. Then, we measured the accuracy (see Fig. 8) of
the labels prediction on 8 scans derived from a third tree of
similar architecture.

Overall, our model reaches an average of overall accu-
racy close to 90% and outperforms methods usually used to
classify LiDAR scans samples, namely Treeseg, SVM and
RF. It also shows a significant improvement over the seg-
mentation performed by PointNet++. Dealing with the set
of 12 trees, averages of both our MCC and completeness
are superior by close to 20% than those of SVM and RF,
which indicates our model predicts more correctly with less
omission on the wood class. Our method produces superior
averages for every indices compared to PointNet++, except
for the correctness. In the case of the correctness, we pro-
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Fig. 6 Generic model—training: 12 trees, 4 scans per tree; inference:
1 extra scan for the same 12 trees
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Fig. 7 Generic model—same as previous training: 12 trees, 4 scans
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duce a lower value without extreme outliers as it is the case
for PointNet++, which highlights a better consistency over
the different architectures. While inferring point clouds orig-
inating from a different tree architecture, the previous model
maintains higher MCC and gives a negative Kappa and a
lower completeness. From this, we deduced that our method
is more sensitive to tree architecture and more susceptible
to learn it. This idea is confirmed by the last experiment,
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Fig. 8 Specialized model—training: 2 trees (same species), 8 scans per
tree; inference: 1 extra tree (same architecture), 8 scans

in which only one architecture is considered. In such case,
after the training, our model is facing new shapes of known
architecture. Our method outmatches Treeseg, RF, SVM and
PointNet++; it is also consistent along the different scans as
indicated by the thin box-plots. Compared to PointNet++,
the better results in MCC, overall accuracy, bias and com-
pleteness emphasize the improvement brought by our model
to recover additional woody structures, such as the smallest
branches.

The resolution of the octree used during the batches cre-
ation detailed in Sect. 3.4 was submitted to a sensibility
analysis to assess its influence on the segmentation quality
and on the computation time. Using the specialized model
previously described, we inferred point labels for a several
octree thinness ranging from 0.5 to 0.05 m; the accuracy
indices and the computation time are reported in Fig. 9. As
highlighted on the figure, octree resolution around 25 cm
appears to be the best trade-off in between accurate predic-
tions and limited computation time (in that case, less than
5 min for the batch creations, the predictions and the class
decision process).

Finally, we evaluated the influence of each local descriptor
in the segmentation by running an ablation test. To do so, we
ran the same experiment presented in Fig. 8 while removing
one by one each of the descriptors. The results, showing the
relevance of the inclusion of each of the geometric descriptor,
are presented in Fig. 10. For the majority of the indicators,
their mean value is higher and the deviation smaller if we
consider the whole set of local descriptors. It highlights a
better segmentation, consistent across all the scans that we
considered.

123

Author's personal copy



Segmentation of unbalanced and in-homogeneous point clouds and its application to 3D scanned… 2427

0
50

0
10

00
15

00
20

00
25

00
30

00
In

fe
re

nc
e 

tim
e 

(s
)

0
50

0
10

00
15

00
20

00
25

00
30

00
In

fe
re

nc
e 

tim
e 

(s
)

0.
23

0.
24

0.
25

0.
26

0.
27

0.
28

0.
29

0.
30

K
ap

pa

0.
60

0.
65

0.
70

0.
75

0.
80

0.
85

0.
90

0.
95

M
C

C
 / 

O
A

 / 
B

ia
s 

/ C
om

p 
/ C

or
r

0.50 0.40 0.30 0.20 0.10
Octree resolution (m)

Kappa MCC OA Bias Comp Corr Time

Fig. 9 Evolution of the accuracy indices and the inference time with
the octree resolution
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Fig. 10 Specialized model trained with a missing geometric descriptor

Experiments on TLS scans To give a hint on our approach
ability to scale to processing of bigger trees, we proceeded
to a classification of real TLS scans acquired in tropical
forests, in which trees have only been manually isolated
before the processing. To do so, we segmented trees scanned
in a semi-deciduous forest of Eastern Cameroon [32]. Those
trees belong to the family of species of Malvaceae, Legumi-
nosae and Combretaceae; they are varying in height from 20
to 50 m, have a DBH ranging from 34 to 186 cm and present

Fig. 11 Segmentation with random forest, PointNet++ and our method
of TLS scan of a tropical tree, Terminalia superba. The leaf points are
shown in green, while the point classified as wood is shown in light gray.
Left and middle columns display both sides of the tree with magnified
images of the trunk, whereas the right columns displays a zoomed out
picture of the tree crown

buttressed and fluted trunks. They were visible enough to be
scanned from at least three viewpoints. The 3D point clouds
thus produced cover most of the woody part, and the occlu-
sion phenomenon between trees is reduced.

In this setting, lacking a precise ground truth, it is not
possible to compute previous accuracy estimates. How-
ever, a manual segmentation being available for 20 point
clouds, we compute an IoU in between our model predic-
tions and the manual one. Therefore, this trial stands first
as a qualitative visual validation and highlights that our
method can be trained on simulated data to segment effi-
ciently real TLS scans. In this experiment, we used the
generic model described in the previous section to perform
the segmentation. Figure 11 presents segmentation results
for RF, PointNet++ and our method on a 37.5 m Termina-
lia superba; it displays two sides of the tree along with a
low-angle shot of the branches network. Comparisons with
RF and PointNet++ can also be seen in the attached video.
Table 1 also presents the predicted leaves segmentation on 35
trees using the generic model and corresponding IoU results.

Despite a training on relatively simple and unlike sim-
ulated trees shapes, the overall label prediction enables a
proper leaves segmentation, as shown in Fig. 11. Even if the
smallest branches are not fully recovered, the model retrieves
complete tree structures. Compared to RF and PointNet++,
our model produces consistent labels without artifacts on
the trunk and the main branches. Moreover, both sides of
the trunk as well as vines and parasites plants are correctly
retrieved without being overestimated as it is the case with
PointNet++. From the observation of segmentation differ-
ences between our inferences and the manual classification
presented in Table 1, our method classifies 90 to 95% of the
points as good as a human. It identifies correctly the overall
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tree wood but also recovers wood structures hard to see to
the naked eye.
Limitations While our method handles point density varia-
tions and occlusion phenomenon usually occurring in terres-
trial LiDAR scan acquired in forest, one of its limitations is

the management of noise due to the wind during the scan-
ning process. As pointed out by [12], wind depreciates tree
description, especially in the crown. While considering scans
acquired in windy condition, the points representing under-
lying surfaces are doubled (weak wind) or are undulating

Table 1 Segmentation results on terrestrial LiDAR scans of tropical trees. For each tree, we give its height (in meter) and a visualization of the
segmentation (leaf points are green). Metric is IoU between predictions and manual segmentation

Height (m) 51.96 52.46 49.90 48.67 53.85 16.95 54.39
IoU (%) 94.28 95.82 93.94 95.07 95.94 85.59 89.72

Height (m) 34.27 42.52 38.70 47.03 23.89 33.78 17.46
IoU (%) 96.83 95.41 96.07 93.64 94.41 95.81 87.24

Height (m) 44.47 43.84 34.29 30.90 48.17 15.76 26.44
IoU (%) 94.91 96.71 96.58 93.08 97.07 90.56 94.08

Height (m) 43.41 25.33 30.68 49.28 44.75 16.75 49.61
IoU (%) 88.70 92.05 92.34 92.69 94.31 87.22 95.48

Height (m) 24.47 34.06 32.25 40.86 11.06 48.67 51.09
IoU (%) 91.17 93.17 96.23 89.15 90.32 91.21 86.75

For each tree, we give its height (in meter) and a visualization of the segmentation. (Leaf points are green.) Metric is IoU between predictions and
manual segmentation
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(strong wind). In such cases, the segmentation fails, partic-
ularly in the upper part of the tree. Indeed, as our method is
based only on geometrical features, perturbations due to wind
produces large artifacts which leads to classification omis-
sions; it can be seen in particular on the smallest branches of
the trees in Table 1 more likely to be affected by the wind.

5 Conclusions and future work

In this work, we propose a novel segmentation method which
directly consumes 3D point clouds and which has been espe-
cially designed to process unbalanced and in-homogeneous
point clouds that depict trees. To train this 3D deep learn-
ing model, we constructed a large data-set of tree virtual 3D
scans. While our method outperforms existing classifiers on
simulated data, it also shows human-like performance in the
foliage identification on actual TLS scans.

Regarding wood/leaves segmentation, future develop-
ments will focus on improving the results by considering
true to life simulated data, presenting similar architecture and
features to the inferred scanned trees. Moreover, a refined
LiDAR simulator based on radiative transfer will be used
to take into account the light back-scattered captured by
the sensor. As this light intensity varies with the mate-
rial hit by the laser, its use will improve the segmentation.
Another possible improvement is to consider deep learning
approaches that extend the concept of convolution to point
clouds [5,29,58,63,69].
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