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Abstract

Laser scanning is an active remote sensing technique applied in many disciplines to acquire state-of-the-art spatial
measurements. Semantic labeling is often necessary to extract information from the raw point cloud. Deep learning
methods constitute a data-hungry solution for the semantic segmentation of point clouds. In this work, we investigate
the use of simulated laser scanning for training deep learning models, which are applied to real data subsequently.
We show that training a deep learning model purely on virtual laser scanning data can produce results comparable
to models trained on real data when evaluated on real data. For leaf-wood segmentation of trees, using the KPConv
model trained with virtual data achieves 93.7% overall accuracy, while the model trained on real data reaches 94.7%
overall accuracy. In urban contexts, a KPConv model trained on virtual data achieves 74.1% overall accuracy on real
validation data, while the model trained on real data achieves 82.4%. Our models outperform the state-of-the-art model
FSCT in terms of generalization to unseen real data as well as a baseline model trained on points randomly sampled
from the tree mesh surface. From our results, we conclude that the combination of laser scanning simulation and deep
learning is a cost-effective alternative to real data acquisition and manual labeling in the domain of geospatial point
cloud analysis. The strengths of this approach are that a) a large amount of diverse laser scanning training data can
be generated quickly and without the need for expensive equipment, b) the simulation configurations can be adapted
so that the virtual training data have similar characteristics to the targeted real data, and c) the whole workflow can be

automated through procedural scene generation.
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1. Introduction

Light Detection and Ranging (LIDAR) can be used for three-dimensional (3D) observation of various environ-
ments, making it one of the most important geospatial data acquisition technologies (Shan ahd Toth, 2018). Point
clouds are the main representation of LIDAR measurements. They have unstructured Euclidean data (geometric data)
de ning the spatial coordinates of the points (Otepka éf al., 2013) and may include other data such as radiometric or
backscatter features. Typically, the raw point clouds need to be segmented or classi ed in order to extract meaningful
geoinformation or perform further analysis.

Virtual Laser Scanning (VLS) simulates laser scanning to generate virtual point clouds (Winiwarter et al., 2022;
Dosovitskiy et al.| 2017; Gastellu-Etchegorry et lal., 2016), also called simulated or synthetic point clouds in other
studies. In this work, we compare the performance of deep learning models trained with real-world and virtually
scanned and thereby labeled point clouds. While there is a growing interest in deep learning on 3D point clouds,
manual labeling is an extremely time-consuming task and is the main bottleneck in this areth§Gind Boehin,

2019).

We use VLS to generate perfectly annotated virtual point clouds from 3D scenes in a time and desit-evay
to train deep learning models that generalize to real data. The 3D scenes for VLS can be manually designed, often
made available in public 3D model repositories, derived from real data acquired wittedt sensors (e.g., LIDAR or
photogrammetry), or computed through procedural scene generation algorithms (Zahs etlal., 2023). Thus, VLS can be
used to a) create huge and diverse synthetic datasets, b) generate targeted training data for critical classes or mimic the
characteristics of a real dataset by modifying the scene, platform, and scanner con guration with dittleaed c)
provide perfectly annotated datasets by transferring labels from the 3D scene with no need for point cloud annotation
or real data acquisition.

Our experiments focus on two common point-wise point cloud classi cation problems: 1) semantic segmentation
of urban scenes @le et all, 202L) and 2) leaf-wood segmentation of trees (Ferrara et alJ, [2018; Krisanski et al.,
2021b{ Han and &chez-Azofeifg, 2022). For 1), we selected the mesh model of the Hessigheim3D urban benchmark
dataset (Klle et al., 2021) to create the virtual scene for VLS. For 2), we use computer-generated tree models for a
fully virtual scene and the Wytham Woods 3D forest scene, which was reconstructed from real data (Calders et al.,
2018; Liu et al., 2022).

Our objectives are to:
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1. Develop a theoretical de nition of the Virtual Laser Scanning meets Deep Learning (VLS-DL) model.

2. Empirically validate the VLS-DL model using state-of-the-art data and algorithms to train deep learning models
on virtual point clouds that generalize to real point clouds.

3. Obtain proof-of-concept by applying the VLS-DL model to prominent and representative classi cation tasks

covering natural and urban environments.
In doing so, the following research questions will be answered:

1. Towhat degree do deep learning models trained with virtual laser scanning data generalize to real point clouds?
2. What are the quantitative dérences between tting a DL model to virtual or real-world point clouds?
3. What is the quantitative derence between using VLS-DL with meshes derived from real point clouds com-

pared to fully computer-generated scenes?

2. Related work

2.1. Labeled datasets

Several open-access labeled point cloud datasets in the literature have been used for benchmarking (Guo et al.,
2021). Most of them are from indoor or urban scenes. For instance, the widely used Stanford 3D Indoor Scene Dataset
(S3DIS) (Armeni et al., 2016) and the outdoor Semantic3D dataset (Hackel et al., 2017) were acquired using static
terrestrial laser scanning (TLS). Point clouds are also acquired with airborne platforms such as the DALES objects
dataset covering ground, vegetation, vehicles, buildings, fences, and powerlines (Singer and Asari, 2021). Some state-
of-the-art datasets, such as the KITTI 3D Object Detection benchmark (Geiger et al., 2012), are speci cally oriented
to robotics, which combines high-resolution video cameras and laser scanning.

While the availability of high-quality labeled datasets is increasing, they are still limited, e.g., to certain geographic
regions, speci ¢ sensor systems, or speci ¢ objects (e.g., tree species). Annotating laser scanning point clouds manu-
ally is a cumbersome, time-consuming, and labor-intensive task. On top of that, interpreter bias and imperfect human
annotation often cause label noised(l¢ et al., 2021; Hackel et al., 2016), especially for ne-scale structures and in
partly occluded areas.

The outdoor Hessigheim benchmarkd(i€ et al., 2021), which we use in our study, is a particularly interesting
labeled point cloud dataset for three reasons: 1) Acquired using an unoccupied aerial vehicle (UAV), it has a high
point density of about 800 pts1? and achieves state-of-the-art representation of ne-grain features and also vertical
elements, 2) it covers eleven dirent classes in the broader categories ground, buildings, vegetation and urban objects,
and 3) it contains multiple epochs, captured inatient seasons in 2018 and 2019. There is an online benchmark with
many results for the March 2018 epoch comparing some well-known models (Gao et al., 2022; Qi et al., 2017b;

Thomas et al., 2019). Moreover, the Hessigheim 3D (H3D) dataset also includes annotated 3D meshes derived by

1Accessed on 7 March 2028t¢ps://ifpwww.ifp.uni-stuttgart.de/benchmark/hessigheim/results.aspx).
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combining the point cloud and oblique images. Table 1 represents the point-wise classi cation distribution of the

di erent epochs, split into training and validation by the benchmark organizers.

Table 1: Percentage of points per class for the Hessigheim datasets. The classes from left to right are low vegetation (C00), impervious surface
(C01), vehicle (C02), urban furniture (C03), roof (C04), facade (C05), shrub (C06), tree (COMreseil (C08), vertical surface (C09), and
chimney (C10).

Point-wise class distribution percentagé%)

Dataset CO0 CO01 C02 CO3 C04 CO5 CO6 CO7 CO8 cC09 cCi1o

March 2018 (training)  35.96 1753 043 195 1056 202 1.81 13.60 1445 164 0.04
March 2018 (validation) 25.85 22.21 1.27 3.15 21.10 3.82 236 1534 410 0.70 0.11
March 2019 (training)  36.67 18.42 0.71 157 1921 263 461 1403 085 120 0.10
March 2019 (validation) 27.45 1899 1.18 285 26.92 4.27 549 1079 099 0.93 0.15

For the case of leaf-wood separation, Vicari et al. (2019) have published the real-world and virtual validation
data (Boni Vicari et al., 2018a,b) for their Python library TLSeparation (14 trees in total). Wang et al. (2020) provided
the 61 labeled tree point clouds from Momo Takoudjou et al. (2018), which they used for validation of the automatic
leaf-wood segmentation tool LeWoS (Wang et al., 2021). The labeled Quantitative Structure Models (QSMs) obtained
from point clouds of the Wytham Woods research forest (Oxfordshire, UK) used by Calders et al. (2018) and Liu et al.
(2022) to model radiative transfer in forest stands have also been made openly available. We use the Wytham Woods
dataset for VLS-based model training for leaf-wood classi cation. The main real-world leaf-wood dataset for our
experiments consists of 11 TLS point clouds of elient species, which have been manually labeled (Weiser et al.,
2023). The tree point clouds have between 500,000 and 10,600,000 points and there are always more leaf points than
wood points. Furthermore, we apply our models to two additional datasets from the literature to investigate how the
models generalize. Appendix B contains a detailed description on the real-world training and validation point cloud
datasets.

We are considering two types of leaf-wood experiments: isolated and near trees (Appendix A.2, Appendix B).
For the “leaf-wood isolated” case, the trees are placed isolated from each other such that any input neighborhood for
the deep learning model will contain points from a single tree. In the “leaf-wood near” case, the trees are close to each

other, so their crowns overlap. Consequently, input neighborhoods potentially contain points fesentlirees.

2.2. Deep learning on point clouds

The PointNet model is generally accepted as the rst relevant milestone of deep learning applied to point clouds
because it achieved permutation invariance concerning input data while capturing the local structure of neighbor-
hoods (Qi et al., 2017a). It was later extended to the PoirtNehodel, which achieves hierarchical feature ex-

traction similar to typical convolutional neural networks (CNN) following an incremental multiscale approach (Qi

4
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et al., 2017b). There are also extensions of PointNesuch as alsNet, which uses a batching framework strategy
to process vast airborne laser scanning (ALS) point clouds (Winiwarter et al., 2019). Other models, such as Kernel
Point Convolution (KPConv), de ne the kernel as a nite set of points in the Euclidean space and a convolution oper-
ator based on a linear correlation where the distance between the kernel's points and the input neighborhood's points
weights the contribution of each particular point to the extracted feature (Thomas et al., 2019). Other deep learning
proposals aim to solve the problem of point clouds being unstructured data spaces without topological information
by estimating the implicit topology to improve the representation capabilities of raw point clouds. For instance, the
Dynamic Graph Convolutional Neural Network (DGCNN) model uses a convolutional operator on the graph's edges
representing a local neighborhood updated from layer to layer (Wang et al., 2019). Furthermore, there are models
based on the sparse 3D convolutional neural networks introduced by Graham (2015). The main idea is to mitigate
the dimensionality curse that arises when generalizing discrete 2D convolutions to 3D by using a hash table where
the keys correspond to non-empty spatial locations, and the values are the index of the associated row in the input
matrix. These sparse convolutional models have been successfully applied to point-wise semantic segmentation of
point clouds (Graham et al., 2018; Schmohl addgel, 2019).

The PointNet+ model has been modi ed to support;200 instead of ;D24 points per sample to achieve sensor
agnostic segmentation in forest point clouds (Krisanski et al., 2021b). This PotrtNike model is part of the For-
est Structural Complexity Tool (FSCT), which we also use in our work to compare virtual-to-real generalization with
real-to-real generalization for leaf-wood segmentation (Krisanski et al., 2021a). Other works use a point-wise CNN to
segment stems from leaves, e.g., to study maize plants from terrestrial LIDAR point clouds (Ao et al., 2022). Some ap-
proaches combine geometric features with corrected optical features and ach28% 86d 9808% overall accuracy
(OA) when performing leaf-wood segmentation on broadleaf and coniferous plants, respectively, and wig®%m 84
OA on mixed vegetation contexts (Wu et al., 2020). The leaf-wood segmentation problem has also been approached
as a time series problem comparing CNN, Long Short-Term Memory convolutional neural networks (LSTMCNN),
and Residual Network (ResNet) models (Han aad@®ez-Azofeifa, 2022). Recent works are thoroughly studying
the performance of PointNet for leaf-wood- ower segmentation depending on the number of scan positions and

the amount of noise (Rousseau et al., 2022).

2.3. Virtual laser scanning

The high cost and inherent errors of point cloud annotation suggest exploring VLS as an alternative or complement
to real data. There are software solutions to compute laser scanning simulations coveziegtdcanner and scene
con gurations. For instance, the Blender Sensor Simulation Toolbox (BlenSor) modi ed Blender (Blender Online
Community, 2023) to support casting many simultaneous rays, making it eiemt uni ed VLS and scene modeling
framework (Gschwandtner et al., 2011). Recent studies used laser scanning simulations within Blender to create train-
ing data for machine learning on 3D point clouds. For instance, Hildebrand et al. (2022) worked on the classi cation

of indoor scenes (like oce and apartment rooms). However, for virtual point cloud data of larger outdoor scenes,
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simulations have to be physically more sophisticated, i.e., taking into account beam divergence, multiple returns, and
complex sensors while handling large scenes and high simulated pulse frequencies. Blender-based solutions inherit
the modeling and performance limitations from software oriented to 3D animation, viseetise video games, and

many more. We argue that obtaining the best VLS results demands speci ¢ VLS-oriented software. Consequently, we
decided to use the general-purpose high-performance Heidelberg LIDAR Operations Simulator HELMii-

warter et al., 2022), to study its potential for successfully training deep learning models solely from virtual data. This
software supports many input formats, such as triangle meshes, voxels, geographic tagged images (GeoTIFF) as raster
models, and point clouds. Besides, it supports detailed XML speci cations farent platforms and scanners. In-

stead of a ray tracing implementation similar to the native ray tracing of computer games such as Grand Theft Auto V
(GTA V) and 3D graphics software such as Blender, HEL+®@$rovides an e cient object-aware ray tracing algo-

rithm that supports the high-performance parallel computation afrént physical models on the light ray (Esfsor

et al., 2022).

There has been some previous work using synthetic data to train DL models. Hurl et al. (2019) achieve a 5%
improvement in average precision when using the Precise Synthetic Image and LiDAR (PreSIL) dataset to pre-train
object detection models validated against the KITTI 3D Object Detection benchmark (Geiger et al., 2012). The
PreSIL dataset includes point clouds generated from GTA V virtual scenes. It uses an alternative to classical ray
casting based on projecting the rays on an image plane to compute a depth interpolation that leads to more accurate
object representations. Others have implemented an in-game LiDAR in GTA V to generate virtual 3D point clouds
and improve the performance of CNN-like models at point-wise semantic segmentation. Enriching real data with
virtual data boosted classi cation intersection over union (loU) on real validation data by ard#td(8/u et al.,

2018). Furthermore, Bryson et al. (2023) explored a variant of leaf-wood segmentation using virtual data to train a
deep learning model based on the PointNearchitecture. Instead of typical leaf and wood classes, they considered
stem (main tree stem and large branches) and foliage (canopy and small branches). They found that models trained on
virtual data can outperform models trained on real data when there are not enough labeled real point clouds to achieve

convergence. However, with abundant real data, models trained on real data outperform those trained on virtual data.

3. Method

Central to our approach is the combination of virtual laser scanning (VLS) and deep learning (DL) for point cloud
semantic segmentation. In this section, we rst consider the main theoretical components of VLS and DL applied to
point clouds. We then present our experimental framework, where we train our deep learning model with a) only real
data and b) only VLS data and then evaluate the performance by predicting class labels on a withheld validation set
of the real data. The whole work ow is illustrated in Figure 1. We provide a detailed description of the virtual scene
modeling and the simulated platform and scanner in Appendix A and the real training and validation point clouds in

Appendix B.



Figure 1: The work ow summarizes the entire experimental framework. The top shows the generation of 3D scenes, which are virtually scanned
with HELIOS++ to create virtual labeled point clouds for training the VLS-DL models for 1) urban classi cation and 2) leaf-wood classi cation.

For the urban case, meshes and point clouds from the Hessigheim3D datdkee(lél., 2021) are used. For the leaf-wood case, synthetic meshes
generated with the algorithm by Weber and Penn (1995), and the Wytham Woods 3D model (Calders et al., 2018; Liu et al., 2022) are used. Real
labeled point clouds (Hessigheim for the urban case, point clouds from Weiser et al. (2023) for the leaf-wood case) serve as training data for the
deep learning (DL) models. The performance of the models trained on real data and those trained on virtual data are evaluated and compared
quantitatively and qualitatively. The leaf-wood models are also compared with the FSCT model (Krisanski et al., 2021a) and a mesh sampling

baseline model.
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3.1. Theoretical model

The theoretical VLS-DL model illustrates the key components of a virtually trainable model based on connecting
simulation and deep learning. In this section, we describe the many submodels and how they are connected from the
rst (parametric ray generation) to the last (neural network).

The VLS-DL model on a 3D Euclidean space starts by simulating a trajectory using a parametric model (Stewart,
2012) with position X (t); x2(t); x3(t)) and associated directioh 4(t); ' 2(t); ' 3(t)). A ray is de ned from an origin
pointo; and an associated director vectpsuch thafo, + tv; : t  0g(Boyd and Vandenberghe, 2004). However, for
VLS, the travel time of the ray is used to estimate the distance. Consequently, a ray in VLS context must be de ned

asfo,+tvi:t g where 2 R, is the minimum distance threshold de ning the scanner. Thus, it is possible to

whereo andv map the parametric model to the nal ray. These maps can be as simple as the identity function or as
complicated as the composition of many reference systems mixed with non-linear de ection models.

LetV be a nite set of points irR? that lie on a common plane where they de ne a convex polygon. This convex
polygon can be seen as the feasible region of a linear programming problem (LP) (Solow, 2014). Moreover, as the
objective function is null, any solution is optimal, which means the LP can be seen as a feasibility problem. Let
V 2 R?IVi pe the matrix representing the verticesMron the local coordinates of their plane. Since each convex
polygon is a convex set, any convex combination of its vertﬁ:%f& iV satisfyingpjjvj i=1land j Owill be
inside the polygon (Boyd and Vandenberghe, 2004), witgres the row | of matrixV. The convex combination of
the vertices of a convex polygon is illustrated on the left side of Figure 2, while the nite set of feasible regions is
illustrated on the right side. Any scene popimust belong to the plane de ned by a set of vertivesnd lie inside
a feasible region when expressed as the pgpintthe local coordinates of this plane. Then, all scene points can be
modeled as belonging to the union of a nite set of planesonstrained by linear systend$ i = q°subjectto; O.

Note for any polygon de ned by the vertic&s the constrainrjj\"i( i)j = 1 is implicit on the de nition ofV? andq”

given in Equation 1, both expanded with ones.

Vo= %zq - %2 o

To conclude the VLS model, note that the feasible regions contain in nite points, but the amount of rays is nite.
Thus, the intersection between the rays and the feasible regions leads to a nite set of points constituting the baseline
solution of the ray tracing VLS model. The nal output point $ejenerated through VLS can be de ned as the set
of points that satisfy all the constraints given in Equation 2. In this equation, gach  stands for each of the
K non-necessarily linear Iters. These lters can be physical-based (e.g.,is the power of the re ected light at
the sensor and  is the minimum power the sensor can detect) or simulation conveniences (ggthe distance
between origin and target points angdis an arbitrary maximum distance threshold). The input vect@presents
other potential simulation parameters (e.g., the wavelength).

8
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Figure 2: The left side gures a) and b) show how a point (blue) inside a convex set can be expressed as a convex combination of its vertices (red)
understood as vectors (gray) from the origin (yellow). Note that the blue highlighted segments represent the magnitude of displacement on the
vector for the convex combination. The right gure c) shows that many intersections of halfspaces can be seen aserartidear feasible

regions (blue) representing a linear system each.
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From now on, the matri® = XjFjy 2 R™ 5 will refer to the output point cloud ofn points generated with

VLS whereX 2 R™ 3 represents the simulated geometric d&t& R™ * is a column-vector matrix of ones to enable

feature extraction with deep learning, and Z™ ! is a column-vector such thgtis an integer representing the class

to which thei-th point belongs. This matriR can also be seen as the input to a tting algorithm where a loss function

L is de ned for an estimatoy(X; F;! ) that uses the parametérgo predict the class. Since deep-learning models are

based on gradient descent-like optimization methods (Zhang, 2017; Goodfellow et al., 2016), the VLS-DL model can

be summarized as Equation 3, whereepresents the learning rate. Before adventuring forth, it is worth mentioning

that the proposed training data generation wlye2eZ™ can be easily adapted to regression problems wh@r&™

(e.g.,y can be a point-wise surface roughness metric).

L=ty 1y L(PY) (3

Deep learning applied to point clouds often requires a domain-speci ¢ operator for feature extraction. For exam-
ple, it is possible to address this issue using the Kernel-Point Convolution (KPConv) operator (Thomas et al., 2019)

as the feature extraction method for the estimgtor ~

solving an energy minimization problem) at a given layer that magsinput features tdoyr output features.
For then, any point from the geometric data 2 R® can be convolved considering its neighborhddg , e.g.,

n 0
Nx = X; :kx; X k r (wherer is the radius). The rigid KPConv operator based on linear correlation is for-

mally described in Equation 4. In this equatigr, are the points de ning the kernel in the Euclidean space, i.e., rows
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from theQ matrix, theW, matrices are the weights for each kernel point, thevector is thej-th row of the input
features matridF, and de nes the in uence distance.
X X ( i X G %

kx
P Q(x)= max 0;1 —— =% Wi, (4)
Xj 2in k=1

3.2. Experimental framework

Our experiments shall be representative of many topographic applications and thus cover urban (Hessigheim) and
natural (leaf-wood) contexts for which real data is available. We generate virtual point clouds for those contexts using
the VLS software HELIO$+ and assess the performance of deep learning-based semantic segmentation using real or
virtual data for the training. We also train models using real data with re ectance for the leaf-wood segmentation cases
to compare them with the real and virtual models using only geometric data. For evaluation, we use classi cation
guality assessment metrics, correlation and agreement metrics, expert-based evaluation, and a comparison with a
model trained from randomly sampled points from the scene meshes. Moreover, we compare the virtual-to-real
generalization of our VLS-DL model with the real-to-real generalization of the FSCT model (Krisanski et al., 2021a)
(Figure 1).

We specialize our VLS-DL model to work with geometric data. Signal strength-related features are discarded
because they are not well-standardized for all sensors and are maeelidio compare (8 e and Pfeifer, 2007;

Jutzi and Gross, 2009; Wang et al., 2015). We use the grid subsampling strategy proposed in the original KPConv

paper (Thomas et al., 2019) to explore the resolution from the deep learning model perspective.

3.2.1. Virtual laser scanning

For the urban classi cation experiments, we use virtual 3D scenes reconstructed from real 3D data, namely from
UAV-borne point clouds and imagery of Hessigheim. Two versions of the virtual Hessigheim scetesefiél., 2021)
are created (Table 2). The rst version directly uses the original labeled meshes from the Hessigheim 3D benchmark.
For the second version, the Hessigheim mesh is modi ed by replacing mesh faces labeled as the vegetation classes
with voxel models created from the Hessigheim3D point cloud (Table 2). Our hypothesis is that voxels, if using an
appropriate voxel size, are an adequate object representation and lead to better classi cation performance because the
virtual rays can penetrate through gaps in the vegetation (Weiser et al., 2021). We use the same training and validation
split as in the Hessigheim 3D benchmark.

Separate materials are assigned to thesdint classes through material library les (MTL). We exploit the
HELIOS++ functionality of assigning integer class IDs to the materials by adding the custtiosclassi cation
attribute (Winiwarter et al., 2022). In the simulation, the class labels are then transferred from the object intersected
by the virtual ray to the point created through the intersection. In the case of multiple intersections, each one will lead

to a point with a class coming from the respective intersected object.

10



245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

272

273

274

275

276

With our experiments of leaf-wood classi cation, we cover two central ways to generate virtual scenes, namely 1)
with procedural 3D modeling, where objects are fully computer generated, and 2) by reconstructing real scenes from
high-resolution real-world measurements. We refer to point clouds we simulate with the resulting datasets as 1) fully
virtual laser scanning (FVLS) and 2) VLS.

For the fully synthetic scenes, 30 tree models withedlent leaf and needle shapes are generated using the algo-
rithm of Weber and Penn (1995) with déirent parameter sets. All trees are arranged in a small forest stand, with their
crowns clearly overlapping.

For the scenes reconstructed from real data, we use the synthetic Wytham Woods scene of quantitative structure
models (QSMs) provided by Calders et al. (2018) and Liu et al. (2622)

We create two versions of the virtual Wytham Woods scene, one with selected isolated trees and one with the full
forest plot (closely spaced or "near” trees) (Table 2). The full Wytham Woods forest scene is spatially divided into
training and validation.

Two di erent 3D parametric platforms and scanner models are used for the laser scanning simulations of the
di erent scenes.

For the Hessigheim simulations, we use a model ofRHeGL VUX-1LR scanner (RIEGL Laser Measurement
Systems, 2022) and similar acquisition settings as in the Hessigheim March 2018 epoch (Cramer et al., 2018). These
are summarized in Table A.9 of Appendix A.1. The parametric model linearly approximates the real trajectory,
assuming a constant speed of &n Theo map transforms the point position by composing the platform and the
scanner's reference systems. Thaap transforms the direction considering the scanner head expressed in the plat-
form's local reference system, where a rotating mirror de ection model is solved at each simulation step to determine
the ray's direction.

The 3D tree scenes for leaf-wood classi cation are scanned with multiple scan positions using a model of the
RIEGLVZ-400 TLS (RIEGL Laser Measurement Systems, 2017) and similar scan settings as used in the validation
dataset (Table A.10 in Appendix A.2). Since these are tripod-based simulationg,(@rgnd’ i(t) functions are
constants representing the tripod's static position. @ heap is the identity function, while themap directly solves
a polygon mirror de ection model matching the scanner speci cation.

The process of virtual scene generation and virtual laser scanning for both the urban and the leaf-wood experiments
is described in detail in Appendix A.

Finally, a point cloud obtained by sampling points from the mesh surface is also generated for the near trees
leaf-wood case (full Wytham Woods forest stand) to quantify the extent to which VLS contributes to better feature
extraction on the DL side. The resulting training dataset has 69,999,073 points, which is slightly higher but similar to

the 63,297,807 points we use for training with VLS point clouds merged fromrdnt scan positions. This dataset is

“https:/ibitbucket.org/tree_research/wytham_woods_3d_model/src/add_dart/DART_models/ (Accessed on 19 October
2022)
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Table 2: Description of the virtual scenes used in the HEI#®$ser scanning simulations for the leaf-wood classi cation and the urban classi -

cation use cases.

Leaf-wood classi cation

(1) Fully Virtual Up to 30 tree models are created using the algorithm by Weber and Penn (1995) and arranged

Forest Stand into a forest stand with overlapping crowns.

(2) Reconstructed  The full Wytham Woods 3D forest model is used: Trees are closely spaced, their crowns are

Virtual Forest Stand overlapping and terrain in the form of a meshed digital terrain model is included.

(3) Reconstructed  Six synthetic datasets are used, each by manually placing eight randomly selected 3D tree
Isolated Trees models from the Wytham Woods dataset in a circular plot. Each tree is isolated, and the tree

crowns do not overlap.

Urban scene classi cation - Hessigheim

(1) Original Mesh  The original Hessigheim3D mesh is used as the 3D VLS scene.

(2) Modi ed mesh ~ Vegetation (Shrub and Tree classes) are removed from the Hessigheim 3D mesh and modeled
with voxel from the point clouds using small voxels ¢én 5 cm 5 cm). Furthermore, the surface
vegetation beow the vegetation is reconstruction to prevent holes. The resulting hybrid mesh-voxel model

serves as the 3D VLS scene.

used to train the baseline Mesh-DL model.

3.2.2. Deep learning

For the details regarding the KPConv network architecture, we would like to refer to Thomas et al. (2019). In the
following, we focus on the main particularities characterizing this work.

First, we explain our training procedure. It consists of training a model for a xed number of epochs, then using
the model to classify validation data that has not been seen before and repeating until a maximum number of training
processes has been reached. Each training process drawsrandirandomly selected set of neighborhood centers
for training. We use the evaluations on validation data to assess training evolution and compare virtual training with
real training exhaustively.

Instead of using an exponential learning rate decay as usually done with KPConv models (Thomas et al., 2019; de
Gélis et al., 2023), we use a combination of early stopping and reducing learning rate on the plateau. We do this to

decrease our learning rate smoothly on demand for each training process instead of a priori deciding on a xed number
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of epochs for the learning rate decay. More concretely, we monitor the sparse categorical cross-entropy loss function
with 50 epochs patience for the early stopping of a training process and reduce the learning rate multiplyiiéy by 10
with 20 epochs patience and an additional 10 epochs cooldown for consecutive reductions. This con guration can
lead to dividing the learning rate by 10 for every hundred epochs, as in the original proposal, but it will only trigger
the reduction if the loss function reaches a plateau. The patience count for the learning rate reduction is preserved
among training processes. As in the original model, we use 400 epochs per training process for the Hessigheim3D
point clouds. We use 200 epochs for leaf-wood point clouds because they converge much faster. In both cases, we use
an initial learning rate of 16.

For the experiments on real data that also use re ectance, we normalize all the re ectance values to lie inside the
[0; 1] interval in a dataset-dependent way. Generalized approaches are impossible since intensity and re ectance often
change between datasets.

As in Thomas et al. (2019), we divide the large point clouds into small subclouds contained in spheres. We dis-
tribute the spheres along the scene with a regular spacingbdfn@es the sphere radius. Separations greater than
2=p§ times the radius will lead to missing regions for 3D scenes. We seled@dah®s because it is small enough
to increase classi cation overlapping (which increases reliability) but not too big to lead to intractable classi ca-
tions. After classi cation, probabilities for points that appear in multiple spheres are averaged, and the class with the

maximum average probability is assigned.

3.2.3. Evaluation

The model evaluation metrics can be classi ed into aggregated metrics and per-class metrics. For the aggregated
metrics, we are computing the Overall Accuracy (OA) (Sokolova and Lapalme, 2009), the Jaccard score or Inter-
section over Union (loU) (Jaccard, 1901), the multiclass Precision and Recall, the F1 score (Sokolova and Lapalme,
2009), the Matthews Correlation Coeient (MCC) (Matthews, 1975), and Cohen's Kappa score (Cohen, 1960). The
evaluation metrics can be categorized into classi cation quality assessment (e.g., OA and F1) and correlation and
agreement assessment (e.g., MCC and Kappa score). When aggregating the evaluation metrics, both the weighted and
unweighted averages are considered in a non-label-agnostic way to assess the models with and without accounting for
class imbalance. For a per-class evaluation, we compute the F1 scores, as usdd byd{. (2021) for evaluation of
the Hessigheim 3D benchmark. We also carry out an expert-based visual evaluation for the leaf-wood case.

Finally, we design a speci c evaluation method to compare VLS-sensed point clouds with randomly sampled
points on the virtual leaf-wood mesh. For this evaluation, we consider the geometric features of linearity and pla-
narity (Weinmann et al., 2015; Hackel et al., 2016) to characterize a spherical neighborhood de ned by a 5 cm radius.

Then, we can compare these quantitative features to analyze taedce between VLS and mesh sampling.
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4. Results

In this section, we present the results of our experiments. We start with an aggregated comparison between models.
Then, we provide detailed results for both the Hessigheim and the leaf-wood experiments. Finally, we present the

results of the comparison between mesh sampling, VLS, and real-world point clouds.

4.1. Aggregated comparison

Table 3: Aggregated evaluation and agreement metrics for the Hessigheim datasets in March 2018 and March 2019. The KPConv model was
trained with real or virtual data. There are two dient VLS training datasets. One uses the original triangle mesh, and the other uses a hybrid
scene with the original triangle mesh and voxels to represent vegetation. The metrics from left to right are Overall Accuracy (OA), Precision
(P), Weighted Precision (WP), Recall (R), Weighted Recall (WR), mean Intersection over Union (mloU), Weighted mean Intersection over Union

(WIloU), F1 score (F1), Weighted F1 score (WF1), Matthews Correlation C@nt (MCC), and Cohen's Kappa score (K).

Metrics (%)

Train Validation OA P WP R WR mloU WIloU F1 WF1 MCC K

VLS (mesh) March 2018 66.1 445 704 57.1 66.1 33.6 519 464 67.1 584 581
VLS (voxel) March 2018 74.1 523 785 674 741 426 63.0 552 757 680 67.7
Real March 2018 824 729 799 592 824 510 710 631 805 782 78.0
VLS (mesh) March 2019 63.9 448 64.1 381 640 280 490 39.0 63.6 548 547
VLS (voxel) March2019 744 478 76.1 646 744 391 623 504 750 679 677
Real March 2019 814 54.7 824 66.1 814 460 713 579 817 76.6 76.6

We compared dierent versions of the KPConv model, varying the initial cell size for the grid subsampling, which
de nes the receptive eld of the nest grain layers. Figure 3 shows a summary of these results for the Hessigheim
datasets (a, b, ¢, d) and the near trees leaf-wood case (e, f, g, h). We used one more training process for the leaf-wood
segmentation experiments because their training requires fewer epochs than semantic segmentation in urban contexts.

For both the March 2018 and the March 2019 real-world Hessigheim datasets, OAs above 80% and MCCs around
75% were achieved. These scores derived with real data act as a baseline against which we evaluate the results of the
VLS-DL model. While the OA of the VLS-DL model based on the original Hessigheim mesh data is oh# 86e
can improve this value by 8% up to 4% by replacing the mesh representation of vegetation (C06: shrub and CO7:
tree) with a voxel model, which results in a more realistic synthetic point cloud for these classes. Larger initial cell
sizes in the neural network work better for real and virtual Hessigheim point clouds. Small receptive elds (2 and
3 cm) perform poorly in these datasets because they barely contain any information about the global context.

The best models from the Hessigheim experiments are compared in Table 3. For the geometric KPConv case,
this is the model with an initial cell size of 9 cm, and for the virtual case, this is the model with an initial cell size of

10 cm (Figure 3). Using the original mesh as the VLS input scene leads ti3% 16wer OA for March 2018 and
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Table 4: Aggregated evaluation and agreement metrics for the leaf-wood datasets with isolated and near trees, respectively. The KPConv models
(KPC) were trained with real or virtual data. The FSCT model (Krisanski et al., 2021a) is used to quantify the real-to-real generalization with a

di erent model than ours. In the features column, G means geometric features, and R means re ectance. The VLS model is trained on point clouds
simulated with meshes derived from real trees, while the FVLS model is trained on simulated point clouds of fully synthetic trees. The metrics from
left to right are Overall Accuracy (OA), Precision (P), Weighted Precision (WP), Recall (R), Weighted Recall (WR), mean Intersection over Union
(mloU), Weighted mean Intersection over Union (WIloU), F1 score (F1), Weighted F1 score (WF1), Matthews Correlaticie@®o@ICC), and

Cohen's Kappa score (K).

Metrics (%)

Model Features Validation OA P WP R WR mloU WIoU F1 WF1 MCC K

FVLS KPC G Isolated 93.2 88.2 938 924 932 823 878 90.0 933 804 80.1
VLS KPC G Isolated 87.0 84.1 86.7 816 870 715 774 827 868 657 655
Real KPC G Isolated 935 932 935 885 935 831 878 905 933 815 811
Real KPC GR Isolated 954 91.0 96.0 96.3 954 87.6 917 933 956 87.1 86.6
FSCT G Isolated 835 77.6 86.3 834 835 669 736 795 843 60.7 593
FVLS KPC G Near 926 874 927 87.8 926 788 869 876 927 752 752
VLS KPC G Near 937 91.0 935 870 937 806 884 888 935 778 776
Real KPC G Near 947 96.0 949 86.0 947 825 898 900 944 813 800
Real KPC GR Near 948 948 948 87.0 948 83.0 900 903 945 814 80.7
FSCT G Near 88.7 803 895 839 887 709 811 819 890 641 639

17:5% lower OA for March 2019 compared to the real data. Improving the scene with voxels for vegetation reduces
this di erence to 8% in OA for March 2018 and:@% for March 2019. Compared to the real geometric model, the
original mesh VLS-DL model results in an MCC reduction of8% for March 2018 and 28% for March 2019.

With the virtual scene with voxels, the MCC reduction is abou%®for the March 2018 epoch andr8o for the

March 2019 epoch. These results indicate that improved scene modeling is fundamental for VLS-based multiclass
semantic segmentation in urban point clouds. There are no signi cartelices between March 2018 and March
2019 epochs.

For the leaf-wood datasets, Figure 3 shows that for real models, a smaller initial cell size (1 and 2 cm) works better
than a bigger one. These results suggest that ne-grain information is important to separate the wood components
(trunk and branches) from the leaves. However, VLS-DL models perform better on real datasets when trained on
bigger initial cell sizes (5 and 6 cm), while they perform better on virtual datasets with smaller cell sizes. These
results suggest that ne-grain vegetation modeling in the input scene might lead to even better VLS-DL models for
leaf-wood segmentation.

Table 4 presents a quantitative comparison between the best leaf-wood models (Geometric, Re ectance, VLS-DL,
and FVLS-DL) and the FSCT model (Krisanski et al., 2021a).
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For the case of the isolated trees, the model trained on geometric data achieveS#nipdre OA and 1%

higher MCC than the FVLS-DL model, while considering re ectance leads:2662greater OA and:6% greater

MCC. The virtual-to-real generalization of the FVLS-DL model ig% better in OA and 19% better in MCC than

the real-to-real generalization of the FSCT model trained on erdnt dataset than ours (Krisanski et al., 2021a). For

the near trees case, the real model trained on re ectance is not considerably better than the model trained on just the

geometry. Here, the VLS-DL model (trained on the Wytham Woods synthetic point cloud) has higher accuracy than
the FVLS-DL model, and achieves just 1% lower OA a8 lower MCC than the real models.

4.2. Hessigheim results

Table 5: Evaluation of dierent submitted models on the test data from the Hessigheim3D benchrtipsk/(ifpwww.ifp.uni-stuttgart.

de/benchmark/hessigheim/results.aspx

). The aggregated metrics are overall accuracy and mean F1 score. The F1 score is also calculated

on a per-class basis. The geometric KPConv and VLS-DL models are our real and virtual models. The classes from left to right are low vegetation
(C00), impervious surface (C01), vehicle (C02), urban furniture (C03), roof (C04), facade (C05), shrub (C06), tree (Cffaye¢iC08), vertical

surface (C09), and chimney (C10).

F1 per-class(%)

F1(%) CO0O CO01 C02 C03 C04 CO5 CO06 CO7 cC08 C09 cC10

79.0 929 90.2 785 579 957 804 685 972 624 731 725
635 876 856 524 36.7 955 693 474 943 251 66.0 38.6
653 843 779 58.1 423 0933 654 535 0953 237 599 64.7
412 781 721 318 137 740 478 283 718 9.7 217 44
43.4 66.2 180 342 380 720 69.0 477 787 98 359 83

Model OA (%)
WHU221118 89.8
Shi220705 84.2
Zhan221025 79.7
Gao-PN-+210422 68.5
jiabin221114 58.3

VLS-DL 68.8
Geometric KPConv 81.7

542 711 558 27 259 937 733 39.0 932 20.7 704 498
63.8 848 820 195 424 948 778 591 945 36 738 69.2

We evaluated our models in detail on the Hessigheim3allget al., 2021) public test benchmark. The results of

the Hessigheim3D benchmark in Table 5 shows that our real models provide average results despite using geometric

information only. While using real data leads to similar evaluation on validation and test, the VLS-DL model gener-

alizes worse in the test dataset than in the validation datas@®l@ecrease in OA compared ti3% decrease with

validation data). However, it still provides results that match the performance of PoirtMeised models such as
Gao-PN-+210422 trained on real data.

Returning to the validation dataset, Table 6ees the quantitative evaluation of our models on a per-class ba-

sis. While low vegetation and impervious surfaces give acceptable results, all models have problems/gridfredoil

points. This can be explained by the diulty of distinguishing between types of ground points using geometric data

only and no spectrabdiometric information. These results can also be analyzed in confusion matrices, shown in

Figure 4 for the real geometric KPConv model and in Figure 5 for the VLS-DL model. The confusion matrices in
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Table 6: Evaluation and agreement metrics per class for the Hessigheim datasets in March 2018 and March 2019. The real geometric KPConv
model was trained with real data. There are twoedéent VLS-DL models. One uses the original triangle mesh, and the other uses a hybrid scene
with the original triangle mesh and voxels to represent vegetation. The classes from left to right are low vegetation (C00), impervious surface (C01),
vehicle (C02), urban furniture (C03), roof (C04), facade (C05), shrub (C06), tree (CO7yraeel (C08), vertical surface (C09), and chimney

(C10).

F1 per-class(%)

Model Validation CO0 CO01 C02 C03 C04 CO05 Co06 CO7 C08 cC09 cC10

VLS-DL Original March 2018 65.2 68.3 121 319 811 614 259 744 37 468 396

VLS-DL Voxel March 2018 71.0 70.7 18.7 339 905 727 441 888 51 508 61.1
Real Geometric March 2018 83.3 84.2 410 502 916 747 510 929 10 526 713
VLS-DL Original March 2019 628 59.7 13 295 854 599 357 595 0 273 81
VLS-DL Voxel March 2019 70.0 61.8 16.8 357 929 69.1 69.0 888 15 252 241
Real Geometric March 2019 80.7 836 324 430 933 785 535 885 10 46.3 357

Figure 6 are aggregated on the main categories (“ground” for low vegetation, impervious surface, /gravebil
“object” for vehicles, urban furniture, and vertical surface; “building” for roof, facade, and chimney; “non-low vege-
tation” for shrub and tree). Both models — the geometric KPConv model trained on real data and the VLS-DL model —
o er outstanding performance on point-wise ground classi cation when there is no need to distinguish between types
of ground. Quantitatively, the geometric KPConv model trained on real-world data achie2és @A and 8%

MCC in the aggregated semantic segmentation, while when trained on virtual data, it achi@¢ex80and 84%

MCC, respectively.

The point-wise classi cation of building and non-ground vegetatioers promising results for real and virtual
models. The many objects in the Hessigheim point clouds (vehicles, urban furniture, and vertical surfaces) are the
main problem for both models. An explanation could be that these classes highly bene t from re ectance and RGB
information, which was not included in our VLS-DL models. Moreover, some of these classes are also underrepre-
sented and have more heterogeneous geometries than others. With 29% of the points of the class “object” correctly
classi ed with the VLS-DL model, compared to 44% with the geometric KPConv model (trained on real data), the re-
sults indicate a suboptimal 3D representation of objects (especially vehicles and urban furniture). For urban contexts,
the VLS scene model can be signi cantly improved to x overly irregular surfaces, missing triangles, and non-smooth
orientation changes on some surfaces.

A top view of the classi ed validation point clouds is shown in Figure 7. Visual inspection reveals some coarse
grain issues (e.g., the problematic roof at the top), which are similar between real and virtual models. However, the
misclassi cation of small urban objects is a bigger problem for the VLS-DL model (Figure 7a). In a post-processing

evaluation, all models perform well when grouping the semantic classes into aggregated categories (Figure 7b). The
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conclusions from the visual inspection agree with those from the confusion matrices.

Figure 4: Confusion matrix normalized by expected class for the geometric KPConv model trained on real point clouds from the Hessigheim

dataset.

4.3. Leaf-wood results

Table 7 shows that the results of our FVLS-DL and VLS-DL models are quantitatively within the state-of-the-art
(SOTA) interval for leaf-wood segmentation. The FVLS-DL model is 3% lower in OA than the top SOTA model (Han
and Snchez-Azofeifa, 2022) whether considering isolated or near trees, while the VLS-DL model is only 2% below
the SOTA considering the near trees experiments. Thus, the performance of both virtual models is near the state-of-
the-art when properly tuned.

A general visual impression of point-wise classi cation on near trees is given in Figure 8 together with the corre-
sponding confusion matrices. All the models give a good approximation of the label reference. The model trained with
re ectance gives the best results and shows the least confusion. However, ¢hergies are small. More concretely,
the re ectance-based model correctly classi es 3% more wood points than the virtual model and just 1% more leaf

points. The real geometric KPConv and the VLS-DL modelediwhen studying their confusion. More concretely,
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