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Abstract

Laser scanning is an active remote sensing technique applied in many disciplines to acquire state-of-the-art spatial1

measurements. Semantic labeling is often necessary to extract information from the raw point cloud. Deep learning2

methods constitute a data-hungry solution for the semantic segmentation of point clouds. In this work, we investigate3

the use of simulated laser scanning for training deep learning models, which are applied to real data subsequently.4

We show that training a deep learning model purely on virtual laser scanning data can produce results comparable5

to models trained on real data when evaluated on real data. For leaf-wood segmentation of trees, using the KPConv6

model trained with virtual data achieves 93.7% overall accuracy, while the model trained on real data reaches 94.7%7

overall accuracy. In urban contexts, a KPConv model trained on virtual data achieves 74.1% overall accuracy on real8

validation data, while the model trained on real data achieves 82.4%. Our models outperform the state-of-the-art model9

FSCT in terms of generalization to unseen real data as well as a baseline model trained on points randomly sampled10

from the tree mesh surface. From our results, we conclude that the combination of laser scanning simulation and deep11

learning is a cost-effective alternative to real data acquisition and manual labeling in the domain of geospatial point12

cloud analysis. The strengths of this approach are that a) a large amount of diverse laser scanning training data can13

be generated quickly and without the need for expensive equipment, b) the simulation configurations can be adapted14

so that the virtual training data have similar characteristics to the targeted real data, and c) the whole workflow can be15

automated through procedural scene generation.16
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1. Introduction17

Light Detection and Ranging (LiDAR) can be used for three-dimensional (3D) observation of various environ-18

ments, making it one of the most important geospatial data acquisition technologies (Shan and Toth, 2018). Point19

clouds are the main representation of LiDAR measurements. They have unstructured Euclidean data (geometric data)20

de�ning the spatial coordinates of the points (Otepka et al., 2013) and may include other data such as radiometric or21

backscatter features. Typically, the raw point clouds need to be segmented or classi�ed in order to extract meaningful22

geoinformation or perform further analysis.23

Virtual Laser Scanning (VLS) simulates laser scanning to generate virtual point clouds (Winiwarter et al., 2022;24

Dosovitskiy et al., 2017; Gastellu-Etchegorry et al., 2016), also called simulated or synthetic point clouds in other25

studies. In this work, we compare the performance of deep learning models trained with real-world and virtually26

scanned and thereby labeled point clouds. While there is a growing interest in deep learning on 3D point clouds,27

manual labeling is an extremely time-consuming task and is the main bottleneck in this area (Gri� ths and Boehm,28

2019).29

We use VLS to generate perfectly annotated virtual point clouds from 3D scenes in a time and cost-e� cient way30

to train deep learning models that generalize to real data. The 3D scenes for VLS can be manually designed, often31

made available in public 3D model repositories, derived from real data acquired with di� erent sensors (e.g., LiDAR or32

photogrammetry), or computed through procedural scene generation algorithms (Zahs et al., 2023). Thus, VLS can be33

used to a) create huge and diverse synthetic datasets, b) generate targeted training data for critical classes or mimic the34

characteristics of a real dataset by modifying the scene, platform, and scanner con�guration with little e� ort, and c)35

provide perfectly annotated datasets by transferring labels from the 3D scene with no need for point cloud annotation36

or real data acquisition.37

Our experiments focus on two common point-wise point cloud classi�cation problems: 1) semantic segmentation38

of urban scenes (K̈olle et al., 2021) and 2) leaf-wood segmentation of trees (Ferrara et al., 2018; Krisanski et al.,39

2021b; Han and Śanchez-Azofeifa, 2022). For 1), we selected the mesh model of the Hessigheim3D urban benchmark40

dataset (K̈olle et al., 2021) to create the virtual scene for VLS. For 2), we use computer-generated tree models for a41

fully virtual scene and the Wytham Woods 3D forest scene, which was reconstructed from real data (Calders et al.,42

2018; Liu et al., 2022).43

Our objectives are to:44
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1. Develop a theoretical de�nition of the Virtual Laser Scanning meets Deep Learning (VLS-DL) model.45

2. Empirically validate the VLS-DL model using state-of-the-art data and algorithms to train deep learning models46

on virtual point clouds that generalize to real point clouds.47

3. Obtain proof-of-concept by applying the VLS-DL model to prominent and representative classi�cation tasks48

covering natural and urban environments.49

In doing so, the following research questions will be answered:50

1. To what degree do deep learning models trained with virtual laser scanning data generalize to real point clouds?51

2. What are the quantitative di� erences between �tting a DL model to virtual or real-world point clouds?52

3. What is the quantitative di� erence between using VLS-DL with meshes derived from real point clouds com-53

pared to fully computer-generated scenes?54

2. Related work55

2.1. Labeled datasets56

Several open-access labeled point cloud datasets in the literature have been used for benchmarking (Guo et al.,57

2021). Most of them are from indoor or urban scenes. For instance, the widely used Stanford 3D Indoor Scene Dataset58

(S3DIS) (Armeni et al., 2016) and the outdoor Semantic3D dataset (Hackel et al., 2017) were acquired using static59

terrestrial laser scanning (TLS). Point clouds are also acquired with airborne platforms such as the DALES objects60

dataset covering ground, vegetation, vehicles, buildings, fences, and powerlines (Singer and Asari, 2021). Some state-61

of-the-art datasets, such as the KITTI 3D Object Detection benchmark (Geiger et al., 2012), are speci�cally oriented62

to robotics, which combines high-resolution video cameras and laser scanning.63

While the availability of high-quality labeled datasets is increasing, they are still limited, e.g., to certain geographic64

regions, speci�c sensor systems, or speci�c objects (e.g., tree species). Annotating laser scanning point clouds manu-65

ally is a cumbersome, time-consuming, and labor-intensive task. On top of that, interpreter bias and imperfect human66

annotation often cause label noise (Kölle et al., 2021; Hackel et al., 2016), especially for �ne-scale structures and in67

partly occluded areas.68

The outdoor Hessigheim benchmark (Kölle et al., 2021), which we use in our study, is a particularly interesting69

labeled point cloud dataset for three reasons: 1) Acquired using an unoccupied aerial vehicle (UAV), it has a high70

point density of about 800 pts=m2 and achieves state-of-the-art representation of �ne-grain features and also vertical71

elements, 2) it covers eleven di� erent classes in the broader categories ground, buildings, vegetation and urban objects,72

and 3) it contains multiple epochs, captured in di� erent seasons in 2018 and 2019. There is an online benchmark with73

many results for the March 2018 epoch comparing some well-known models (Gao et al., 2022; Qi et al., 2017b;74

Thomas et al., 2019)1. Moreover, the Hessigheim 3D (H3D) dataset also includes annotated 3D meshes derived by75

1Accessed on 7 March 2023 (https://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 the76

di� erent epochs, split into training and validation by the benchmark organizers.77

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 (C07), soil/gravel (C08), vertical surface (C09), and

chimney (C10).

Point-wise class distribution percentage(%)

Dataset C00 C01 C02 C03 C04 C05 C06 C07 C08 C09 C10

March 2018 (training) 35.96 17.53 0.43 1.95 10.56 2.02 1.81 13.60 14.45 1.64 0.04

March 2018 (validation) 25.85 22.21 1.27 3.15 21.10 3.82 2.36 15.34 4.10 0.70 0.11

March 2019 (training) 36.67 18.42 0.71 1.57 19.21 2.63 4.61 14.03 0.85 1.20 0.10

March 2019 (validation) 27.45 18.99 1.18 2.85 26.92 4.27 5.49 10.79 0.99 0.93 0.15

For the case of leaf-wood separation, Vicari et al. (2019) have published the real-world and virtual validation78

data (Boni Vicari et al., 2018a,b) for their Python library TLSeparation (14 trees in total). Wang et al. (2020) provided79

the 61 labeled tree point clouds from Momo Takoudjou et al. (2018), which they used for validation of the automatic80

leaf-wood segmentation tool LeWoS (Wang et al., 2021). The labeled Quantitative Structure Models (QSMs) obtained81

from point clouds of the Wytham Woods research forest (Oxfordshire, UK) used by Calders et al. (2018) and Liu et al.82

(2022) to model radiative transfer in forest stands have also been made openly available. We use the Wytham Woods83

dataset for VLS-based model training for leaf-wood classi�cation. The main real-world leaf-wood dataset for our84

experiments consists of 11 TLS point clouds of di� erent species, which have been manually labeled (Weiser et al.,85

2023). The tree point clouds have between 500,000 and 10,600,000 points and there are always more leaf points than86

wood points. Furthermore, we apply our models to two additional datasets from the literature to investigate how the87

models generalize. Appendix B contains a detailed description on the real-world training and validation point cloud88

datasets.89

We are considering two types of leaf-wood experiments: isolated and near trees (Appendix A.2, Appendix B).90

For the “leaf-wood isolated” case, the trees are placed isolated from each other such that any input neighborhood for91

the deep learning model will contain points from a single tree. In the “leaf-wood near“ case, the trees are close to each92

other, so their crowns overlap. Consequently, input neighborhoods potentially contain points from di� erent trees.93

2.2. Deep learning on point clouds94

The PointNet model is generally accepted as the �rst relevant milestone of deep learning applied to point clouds95

because it achieved permutation invariance concerning input data while capturing the local structure of neighbor-96

hoods (Qi et al., 2017a). It was later extended to the PointNet++ model, which achieves hierarchical feature ex-97

traction similar to typical convolutional neural networks (CNN) following an incremental multiscale approach (Qi98

4



et al., 2017b). There are also extensions of PointNet++, such as alsNet, which uses a batching framework strategy99

to process vast airborne laser scanning (ALS) point clouds (Winiwarter et al., 2019). Other models, such as Kernel100

Point Convolution (KPConv), de�ne the kernel as a �nite set of points in the Euclidean space and a convolution oper-101

ator based on a linear correlation where the distance between the kernel's points and the input neighborhood's points102

weights the contribution of each particular point to the extracted feature (Thomas et al., 2019). Other deep learning103

proposals aim to solve the problem of point clouds being unstructured data spaces without topological information104

by estimating the implicit topology to improve the representation capabilities of raw point clouds. For instance, the105

Dynamic Graph Convolutional Neural Network (DGCNN) model uses a convolutional operator on the graph's edges106

representing a local neighborhood updated from layer to layer (Wang et al., 2019). Furthermore, there are models107

based on the sparse 3D convolutional neural networks introduced by Graham (2015). The main idea is to mitigate108

the dimensionality curse that arises when generalizing discrete 2D convolutions to 3D by using a hash table where109

the keys correspond to non-empty spatial locations, and the values are the index of the associated row in the input110

matrix. These sparse convolutional models have been successfully applied to point-wise semantic segmentation of111

point clouds (Graham et al., 2018; Schmohl and Sörgel, 2019).112

The PointNet++ model has been modi�ed to support 20;000 instead of 1;024 points per sample to achieve sensor113

agnostic segmentation in forest point clouds (Krisanski et al., 2021b). This PointNet++-like model is part of the For-114

est Structural Complexity Tool (FSCT), which we also use in our work to compare virtual-to-real generalization with115

real-to-real generalization for leaf-wood segmentation (Krisanski et al., 2021a). Other works use a point-wise CNN to116

segment stems from leaves, e.g., to study maize plants from terrestrial LiDAR point clouds (Ao et al., 2022). Some ap-117

proaches combine geometric features with corrected optical features and achieve 96:20% and 94:98% overall accuracy118

(OA) when performing leaf-wood segmentation on broadleaf and coniferous plants, respectively, and with an 84:26%119

OA on mixed vegetation contexts (Wu et al., 2020). The leaf-wood segmentation problem has also been approached120

as a time series problem comparing CNN, Long Short-Term Memory convolutional neural networks (LSTMCNN),121

and Residual Network (ResNet) models (Han and Sánchez-Azofeifa, 2022). Recent works are thoroughly studying122

the performance of PointNet++ for leaf-wood-�ower segmentation depending on the number of scan positions and123

the amount of noise (Rousseau et al., 2022).124

2.3. Virtual laser scanning125

The high cost and inherent errors of point cloud annotation suggest exploring VLS as an alternative or complement126

to real data. There are software solutions to compute laser scanning simulations covering di� erent scanner and scene127

con�gurations. For instance, the Blender Sensor Simulation Toolbox (BlenSor) modi�ed Blender (Blender Online128

Community, 2023) to support casting many simultaneous rays, making it an e� cient uni�ed VLS and scene modeling129

framework (Gschwandtner et al., 2011). Recent studies used laser scanning simulations within Blender to create train-130

ing data for machine learning on 3D point clouds. For instance, Hildebrand et al. (2022) worked on the classi�cation131

of indoor scenes (like o� ce and apartment rooms). However, for virtual point cloud data of larger outdoor scenes,132
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simulations have to be physically more sophisticated, i.e., taking into account beam divergence, multiple returns, and133

complex sensors while handling large scenes and high simulated pulse frequencies. Blender-based solutions inherit134

the modeling and performance limitations from software oriented to 3D animation, visual e� ects, video games, and135

many more. We argue that obtaining the best VLS results demands speci�c VLS-oriented software. Consequently, we136

decided to use the general-purpose high-performance Heidelberg LiDAR Operations Simulator HELIOS++ (Wini-137

warter et al., 2022), to study its potential for successfully training deep learning models solely from virtual data. This138

software supports many input formats, such as triangle meshes, voxels, geographic tagged images (GeoTIFF) as raster139

models, and point clouds. Besides, it supports detailed XML speci�cations for di� erent platforms and scanners. In-140

stead of a ray tracing implementation similar to the native ray tracing of computer games such as Grand Theft Auto V141

(GTA V) and 3D graphics software such as Blender, HELIOS++ provides an e� cient object-aware ray tracing algo-142

rithm that supports the high-performance parallel computation of di� erent physical models on the light ray (Esmor�́s143

et al., 2022).144

There has been some previous work using synthetic data to train DL models. Hurl et al. (2019) achieve a 5%145

improvement in average precision when using the Precise Synthetic Image and LiDAR (PreSIL) dataset to pre-train146

object detection models validated against the KITTI 3D Object Detection benchmark (Geiger et al., 2012). The147

PreSIL dataset includes point clouds generated from GTA V virtual scenes. It uses an alternative to classical ray148

casting based on projecting the rays on an image plane to compute a depth interpolation that leads to more accurate149

object representations. Others have implemented an in-game LiDAR in GTA V to generate virtual 3D point clouds150

and improve the performance of CNN-like models at point-wise semantic segmentation. Enriching real data with151

virtual data boosted classi�cation intersection over union (IoU) on real validation data by around 8:9% (Wu et al.,152

2018). Furthermore, Bryson et al. (2023) explored a variant of leaf-wood segmentation using virtual data to train a153

deep learning model based on the PointNet++ architecture. Instead of typical leaf and wood classes, they considered154

stem (main tree stem and large branches) and foliage (canopy and small branches). They found that models trained on155

virtual data can outperform models trained on real data when there are not enough labeled real point clouds to achieve156

convergence. However, with abundant real data, models trained on real data outperform those trained on virtual data.157

3. Method158

Central to our approach is the combination of virtual laser scanning (VLS) and deep learning (DL) for point cloud159

semantic segmentation. In this section, we �rst consider the main theoretical components of VLS and DL applied to160

point clouds. We then present our experimental framework, where we train our deep learning model with a) only real161

data and b) only VLS data and then evaluate the performance by predicting class labels on a withheld validation set162

of the real data. The whole work�ow is illustrated in Figure 1. We provide a detailed description of the virtual scene163

modeling and the simulated platform and scanner in Appendix A and the real training and validation point clouds in164

Appendix B.165
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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 dataset (Kölle et al., 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 model166

The theoretical VLS-DL model illustrates the key components of a virtually trainable model based on connecting167

simulation and deep learning. In this section, we describe the many submodels and how they are connected from the168

�rst (parametric ray generation) to the last (neural network).169

The VLS-DL model on a 3D Euclidean space starts by simulating a trajectory using a parametric model (Stewart,170

2012) with position (x1(t); x2(t); x3(t)) and associated direction (' 1(t); ' 2(t); ' 3(t)). A ray is de�ned from an origin171

pointoooi and an associated director vectorvvvi such thatfoooi + tvvvi : t � 0g(Boyd and Vandenberghe, 2004). However, for172

VLS, the travel time of the ray is used to estimate the distance. Consequently, a ray in VLS context must be de�ned173

asfoooi + tvvvi : t � � g, where� 2 R>0 is the minimum distance threshold de�ning the scanner. Thus, it is possible to174

express the �nite set of rays in the simulation such thatri =
�
oooi = o

�
ti ; x1(ti); : : : ; ' 3(ti)

�
;vvvi = v

�
ti ; x1(ti); : : : ; ' 3(ti)

�	
,175

whereo andv map the parametric model to the �nal ray. These maps can be as simple as the identity function or as176

complicated as the composition of many reference systems mixed with non-linear de�ection models.177

Let V be a �nite set of points inR3 that lie on a common plane where they de�ne a convex polygon. This convex178

polygon can be seen as the feasible region of a linear programming problem (LP) (Solow, 2014). Moreover, as the179

objective function is null, any solution is optimal, which means the LP can be seen as a feasibility problem. Let180

VVV 2 R2�j Vj be the matrix representing the vertices inV on the local coordinates of their plane. Since each convex181

polygon is a convex set, any convex combination of its vertices
P jVj

j � jvvv� j satisfying
P jVj

j � j = 1 and� j � 0 will be182

inside the polygon (Boyd and Vandenberghe, 2004), wherevvv� j is the row j of matrixVVV. The convex combination of183

the vertices of a convex polygon is illustrated on the left side of Figure 2, while the �nite set of feasible regions is184

illustrated on the right side. Any scene pointppp must belong to the plane de�ned by a set of verticesVi and lie inside185

a feasible region when expressed as the pointqqq in the local coordinates of this plane. Then, all scene points can be186

modeled as belonging to the union of a �nite set of planes� i constrained by linear systemsVVV0
i ��� i = qqq0 subject to��� i � 0.187

Note for any polygon de�ned by the verticesVi the constraint
P jVi j

j (� i� i� i) j = 1 is implicit on the de�nition ofVVV0
i andqqq0

188

given in Equation 1, both expanded with ones.189

VVV0
i =

2
666666664

VVVi

111|

3
777777775
;qqq0 =

2
666666664

qqq

1

3
777777775

(1)

To conclude the VLS model, note that the feasible regions contain in�nite points, but the amount of rays is �nite.190

Thus, the intersection between the rays and the feasible regions leads to a �nite set of points constituting the baseline191

solution of the ray tracing VLS model. The �nal output point setP generated through VLS can be de�ned as the set192

of points that satisfy all the constraints given in Equation 2. In this equation, each k � � k stands for each of the193

K non-necessarily linear �lters. These �lters can be physical-based (e.g.,�  k is the power of the re�ected light at194

the sensor and� � k is the minimum power the sensor can detect) or simulation conveniences (e.g., k is the distance195

between origin and target points and� k is an arbitrary maximum distance threshold). The input vector��� represents196

other potential simulation parameters (e.g., the wavelength).197
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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 as many di� erent linear feasible

regions (blue) representing a linear system each.

P =

8
>>>>>>><
>>>>>>>:

ppp 2 R3 :

ppp = ooo j + tvvv j 2 � i ; t � �;

VVV0
i ��� i = qqq0; ��� i � 0;

V K
k  k(ppp; � i ; r j ; t; ��� ) � � k

9
>>>>>>>=
>>>>>>>;

(2)

From now on, the matrixPPP =
�
XXX jFFF jyyy

�
2 Rm� 5 will refer to the output point cloud ofm points generated with198

VLS whereXXX 2 Rm� 3 represents the simulated geometric data,FFF 2 Rm� 1 is a column-vector matrix of ones to enable199

feature extraction with deep learning, andyyy 2 Zm� 1 is a column-vector such thatyi is an integer representing the class200

to which thei-th point belongs. This matrixPPP can also be seen as the input to a �tting algorithm where a loss function201

L is de�ned for an estimator ˆy(XXX;FFF; !!! ) that uses the parameters!!! to predict the class. Since deep-learning models are202

based on gradient descent-like optimization methods (Zhang, 2017; Goodfellow et al., 2016), the VLS-DL model can203

be summarized as Equation 3, where� represents the learning rate. Before adventuring forth, it is worth mentioning204

that the proposed training data generation whereyyy 2 Zm can be easily adapted to regression problems whereyyy 2 Rm
205

(e.g.,yyy can be a point-wise surface roughness metric).206

!!! t+1 = !!! t � � r !!! t L (PPP; !!! t) (3)

Deep learning applied to point clouds often requires a domain-speci�c operator for feature extraction. For exam-207

ple, it is possible to address this issue using the Kernel-Point Convolution (KPConv) operator (Thomas et al., 2019)208

as the feature extraction method for the estimator ˆy.209

First, let Q =
n
QQQ 2 RK� 3;WWW1; : : : ;WWWK 2 RDIN � DOUT

o
represent a kernel ofK points (regularly distributed by210

solving an energy minimization problem) at a given layer that mapsDIN input features toDOUT output features.211

For then, any point from the geometric dataxxxi� 2 R3 can be convolved considering its neighborhoodNxxxi� , e.g.,212

Nxxxi� =
n
xxx j� : kxxx j� � xxxi� k � r

o
(wherer is the radius). The rigid KPConv operator based on linear correlation is for-213

mally described in Equation 4. In this equation,qqqk� are the points de�ning the kernel in the Euclidean space, i.e., rows214
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from theQQQ matrix, theWWWk matrices are the weights for each kernel point, thefff j� vector is thej-th row of the input215

features matrixFFF, and� de�nes the in�uence distance.216

(PPP � Q) (xxxi� ) =
X

xxx j� 2Nxxxi�

KX

k=1

max
(

0;1 �
kxxx j� � xxxi� � qqqk� k

�

)
WWWk fff j� (4)

3.2. Experimental framework217

Our experiments shall be representative of many topographic applications and thus cover urban (Hessigheim) and218

natural (leaf-wood) contexts for which real data is available. We generate virtual point clouds for those contexts using219

the VLS software HELIOS++ and assess the performance of deep learning-based semantic segmentation using real or220

virtual data for the training. We also train models using real data with re�ectance for the leaf-wood segmentation cases221

to compare them with the real and virtual models using only geometric data. For evaluation, we use classi�cation222

quality assessment metrics, correlation and agreement metrics, expert-based evaluation, and a comparison with a223

model trained from randomly sampled points from the scene meshes. Moreover, we compare the virtual-to-real224

generalization of our VLS-DL model with the real-to-real generalization of the FSCT model (Krisanski et al., 2021a)225

(Figure 1).226

We specialize our VLS-DL model to work with geometric data. Signal strength-related features are discarded227

because they are not well-standardized for all sensors and are more di� cult to compare (Ḧo�e and Pfeifer, 2007;228

Jutzi and Gross, 2009; Wang et al., 2015). We use the grid subsampling strategy proposed in the original KPConv229

paper (Thomas et al., 2019) to explore the resolution from the deep learning model perspective.230

3.2.1. Virtual laser scanning231

For the urban classi�cation experiments, we use virtual 3D scenes reconstructed from real 3D data, namely from232

UAV-borne point clouds and imagery of Hessigheim. Two versions of the virtual Hessigheim scene (Kölle et al., 2021)233

are created (Table 2). The �rst version directly uses the original labeled meshes from the Hessigheim 3D benchmark.234

For the second version, the Hessigheim mesh is modi�ed by replacing mesh faces labeled as the vegetation classes235

with voxel models created from the Hessigheim3D point cloud (Table 2). Our hypothesis is that voxels, if using an236

appropriate voxel size, are an adequate object representation and lead to better classi�cation performance because the237

virtual rays can penetrate through gaps in the vegetation (Weiser et al., 2021). We use the same training and validation238

split as in the Hessigheim 3D benchmark.239

Separate materials are assigned to the di� erent classes through material library �les (MTL). We exploit the240

HELIOS++ functionality of assigning integer class IDs to the materials by adding the customheliosclassi�cation241

attribute (Winiwarter et al., 2022). In the simulation, the class labels are then transferred from the object intersected242

by the virtual ray to the point created through the intersection. In the case of multiple intersections, each one will lead243

to a point with a class coming from the respective intersected object.244
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With our experiments of leaf-wood classi�cation, we cover two central ways to generate virtual scenes, namely 1)245

with procedural 3D modeling, where objects are fully computer generated, and 2) by reconstructing real scenes from246

high-resolution real-world measurements. We refer to point clouds we simulate with the resulting datasets as 1) fully247

virtual laser scanning (FVLS) and 2) VLS.248

For the fully synthetic scenes, 30 tree models with di� erent leaf and needle shapes are generated using the algo-249

rithm of Weber and Penn (1995) with di� erent parameter sets. All trees are arranged in a small forest stand, with their250

crowns clearly overlapping.251

For the scenes reconstructed from real data, we use the synthetic Wytham Woods scene of quantitative structure252

models (QSMs) provided by Calders et al. (2018) and Liu et al. (2022)2.253

We create two versions of the virtual Wytham Woods scene, one with selected isolated trees and one with the full254

forest plot (closely spaced or ”near” trees) (Table 2). The full Wytham Woods forest scene is spatially divided into255

training and validation.256

Two di� erent 3D parametric platforms and scanner models are used for the laser scanning simulations of the257

di� erent scenes.258

For the Hessigheim simulations, we use a model of theRIEGLVUX-1LR scanner (RIEGL Laser Measurement259

Systems, 2022) and similar acquisition settings as in the Hessigheim March 2018 epoch (Cramer et al., 2018). These260

are summarized in Table A.9 of Appendix A.1. The parametric model linearly approximates the real trajectory,261

assuming a constant speed of 8 m=s. Theo map transforms the point position by composing the platform and the262

scanner's reference systems. Thev map transforms the direction considering the scanner head expressed in the plat-263

form's local reference system, where a rotating mirror de�ection model is solved at each simulation step to determine264

the ray's direction.265

The 3D tree scenes for leaf-wood classi�cation are scanned with multiple scan positions using a model of the266

RIEGLVZ-400 TLS (RIEGL Laser Measurement Systems, 2017) and similar scan settings as used in the validation267

dataset (Table A.10 in Appendix A.2). Since these are tripod-based simulations, anyxi(t) and ' i(t) functions are268

constants representing the tripod's static position. Theo map is the identity function, while thev map directly solves269

a polygon mirror de�ection model matching the scanner speci�cation.270

The process of virtual scene generation and virtual laser scanning for both the urban and the leaf-wood experiments271

is described in detail in Appendix A.272

Finally, a point cloud obtained by sampling points from the mesh surface is also generated for the near trees273

leaf-wood case (full Wytham Woods forest stand) to quantify the extent to which VLS contributes to better feature274

extraction on the DL side. The resulting training dataset has 69,999,073 points, which is slightly higher but similar to275

the 63,297,807 points we use for training with VLS point clouds merged from di� erent scan positions. This dataset is276

2https://bitbucket.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 HELIOS++ laser scanning simulations for the leaf-wood classi�cation and the urban classi�-

cation use cases.

Leaf-wood classi�cation

(1) Fully Virtual

Forest Stand

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

into a forest stand with overlapping crowns.

(2) Reconstructed

Virtual Forest Stand

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

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

(3) Reconstructed

Isolated Trees

Six synthetic datasets are used, each by manually placing eight randomly selected 3D tree

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

with voxel

vegetation

Vegetation (Shrub and Tree classes) are removed from the Hessigheim 3D mesh and modeled

from the point clouds using small voxels (5cm � 5 cm � 5 cm). Furthermore, the surface

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.277

3.2.2. Deep learning278

For the details regarding the KPConv network architecture, we would like to refer to Thomas et al. (2019). In the279

following, we focus on the main particularities characterizing this work.280

First, we explain our training procedure. It consists of training a model for a �xed number of epochs, then using281

the model to classify validation data that has not been seen before and repeating until a maximum number of training282

processes has been reached. Each training process draws a di� erent randomly selected set of neighborhood centers283

for training. We use the evaluations on validation data to assess training evolution and compare virtual training with284

real training exhaustively.285

Instead of using an exponential learning rate decay as usually done with KPConv models (Thomas et al., 2019; de286

Gélis et al., 2023), we use a combination of early stopping and reducing learning rate on the plateau. We do this to287

decrease our learning rate smoothly on demand for each training process instead of a priori deciding on a �xed number288
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of epochs for the learning rate decay. More concretely, we monitor the sparse categorical cross-entropy loss function289

with 50 epochs patience for the early stopping of a training process and reduce the learning rate multiplying by 101=3
290

with 20 epochs patience and an additional 10 epochs cooldown for consecutive reductions. This con�guration can291

lead to dividing the learning rate by 10 for every hundred epochs, as in the original proposal, but it will only trigger292

the reduction if the loss function reaches a plateau. The patience count for the learning rate reduction is preserved293

among training processes. As in the original model, we use 400 epochs per training process for the Hessigheim3D294

point clouds. We use 200 epochs for leaf-wood point clouds because they converge much faster. In both cases, we use295

an initial learning rate of 10� 3.296

For the experiments on real data that also use re�ectance, we normalize all the re�ectance values to lie inside the297

[0; 1] interval in a dataset-dependent way. Generalized approaches are impossible since intensity and re�ectance often298

change between datasets.299

As in Thomas et al. (2019), we divide the large point clouds into small subclouds contained in spheres. We dis-300

tribute the spheres along the scene with a regular spacing of 0:5 times the sphere radius. Separations greater than301

2=
p

3 times the radius will lead to missing regions for 3D scenes. We selected 0:5 times because it is small enough302

to increase classi�cation overlapping (which increases reliability) but not too big to lead to intractable classi�ca-303

tions. After classi�cation, probabilities for points that appear in multiple spheres are averaged, and the class with the304

maximum average probability is assigned.305

3.2.3. Evaluation306

The model evaluation metrics can be classi�ed into aggregated metrics and per-class metrics. For the aggregated307

metrics, we are computing the Overall Accuracy (OA) (Sokolova and Lapalme, 2009), the Jaccard score or Inter-308

section over Union (IoU) (Jaccard, 1901), the multiclass Precision and Recall, the F1 score (Sokolova and Lapalme,309

2009), the Matthews Correlation Coe� cient (MCC) (Matthews, 1975), and Cohen's Kappa score (Cohen, 1960). The310

evaluation metrics can be categorized into classi�cation quality assessment (e.g., OA and F1) and correlation and311

agreement assessment (e.g., MCC and Kappa score). When aggregating the evaluation metrics, both the weighted and312

unweighted averages are considered in a non-label-agnostic way to assess the models with and without accounting for313

class imbalance. For a per-class evaluation, we compute the F1 scores, as used by Kölle et al. (2021) for evaluation of314

the Hessigheim 3D benchmark. We also carry out an expert-based visual evaluation for the leaf-wood case.315

Finally, we design a speci�c evaluation method to compare VLS-sensed point clouds with randomly sampled316

points on the virtual leaf-wood mesh. For this evaluation, we consider the geometric features of linearity and pla-317

narity (Weinmann et al., 2015; Hackel et al., 2016) to characterize a spherical neighborhood de�ned by a 5 cm radius.318

Then, we can compare these quantitative features to analyze the di� erence between VLS and mesh sampling.319
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4. Results320

In this section, we present the results of our experiments. We start with an aggregated comparison between models.321

Then, we provide detailed results for both the Hessigheim and the leaf-wood experiments. Finally, we present the322

results of the comparison between mesh sampling, VLS, and real-world point clouds.323

4.1. Aggregated comparison324

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 di� erent 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 (mIoU), Weighted mean Intersection over Union

(WIoU), F1 score (F1), Weighted F1 score (WF1), Matthews Correlation Coe� cient (MCC), and Cohen's Kappa score (K).

Metrics (%)

Train Validation OA P WP R WR mIoU WIoU F1 WF1 MCC K

VLS (mesh) March 2018 66.1 44.5 70.4 57.1 66.1 33.6 51.9 46.4 67.1 58.4 58.1

VLS (voxel) March 2018 74.1 52.3 78.5 67.4 74.1 42.6 63.0 55.2 75.7 68.0 67.7

Real March 2018 82.4 72.9 79.9 59.2 82.4 51.0 71.0 63.1 80.5 78.2 78.0

VLS (mesh) March 2019 63.9 44.8 64.1 38.1 64.0 28.0 49.0 39.0 63.6 54.8 54.7

VLS (voxel) March 2019 74.4 47.8 76.1 64.6 74.4 39.1 62.3 50.4 75.0 67.9 67.7

Real March 2019 81.4 54.7 82.4 66.1 81.4 46.0 71.3 57.9 81.7 76.6 76.6

We compared di� erent versions of the KPConv model, varying the initial cell size for the grid subsampling, which325

de�nes the receptive �eld of the �nest grain layers. Figure 3 shows a summary of these results for the Hessigheim326

datasets (a, b, c, d) and the near trees leaf-wood case (e, f, g, h). We used one more training process for the leaf-wood327

segmentation experiments because their training requires fewer epochs than semantic segmentation in urban contexts.328

For both the March 2018 and the March 2019 real-world Hessigheim datasets, OAs above 80% and MCCs around329

75% were achieved. These scores derived with real data act as a baseline against which we evaluate the results of the330

VLS-DL model. While the OA of the VLS-DL model based on the original Hessigheim mesh data is only 66:1%, we331

can improve this value by 8% up to 74:1% by replacing the mesh representation of vegetation (C06: shrub and C07:332

tree) with a voxel model, which results in a more realistic synthetic point cloud for these classes. Larger initial cell333

sizes in the neural network work better for real and virtual Hessigheim point clouds. Small receptive �elds (2 and334

3 cm) perform poorly in these datasets because they barely contain any information about the global context.335

The best models from the Hessigheim experiments are compared in Table 3. For the geometric KPConv case,336

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 of337

10 cm (Figure 3). Using the original mesh as the VLS input scene leads to a 16:3% lower OA for March 2018 and338
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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

(mIoU), Weighted mean Intersection over Union (WIoU), F1 score (F1), Weighted F1 score (WF1), Matthews Correlation Coe� cient (MCC), and

Cohen's Kappa score (K).

Metrics (%)

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

FVLS KPC G Isolated 93.2 88.2 93.8 92.4 93.2 82.3 87.8 90.0 93.3 80.4 80.1

VLS KPC G Isolated 87.0 84.1 86.7 81.6 87.0 71.5 77.4 82.7 86.8 65.7 65.5

Real KPC G Isolated 93.5 93.2 93.5 88.5 93.5 83.1 87.8 90.5 93.3 81.5 81.1

Real KPC G+R Isolated 95.4 91.0 96.0 96.3 95.4 87.6 91.7 93.3 95.6 87.1 86.6

FSCT G Isolated 83.5 77.6 86.3 83.4 83.5 66.9 73.6 79.5 84.3 60.7 59.3

FVLS KPC G Near 92.6 87.4 92.7 87.8 92.6 78.8 86.9 87.6 92.7 75.2 75.2

VLS KPC G Near 93.7 91.0 93.5 87.0 93.7 80.6 88.4 88.8 93.5 77.8 77.6

Real KPC G Near 94.7 96.0 94.9 86.0 94.7 82.5 89.8 90.0 94.4 81.3 80.0

Real KPC G+R Near 94.8 94.8 94.8 87.0 94.8 83.0 90.0 90.3 94.5 81.4 80.7

FSCT G Near 88.7 80.3 89.5 83.9 88.7 70.9 81.1 81.9 89.0 64.1 63.9

17:5% lower OA for March 2019 compared to the real data. Improving the scene with voxels for vegetation reduces339

this di� erence to 8:3% in OA for March 2018 and 7:0% for March 2019. Compared to the real geometric model, the340

original mesh VLS-DL model results in an MCC reduction of 19:8% for March 2018 and 21:8% for March 2019.341

With the virtual scene with voxels, the MCC reduction is about 10:2% for the March 2018 epoch and 8:7% for the342

March 2019 epoch. These results indicate that improved scene modeling is fundamental for VLS-based multiclass343

semantic segmentation in urban point clouds. There are no signi�cant di� erences between March 2018 and March344

2019 epochs.345

For the leaf-wood datasets, Figure 3 shows that for real models, a smaller initial cell size (1 and 2 cm) works better346

than a bigger one. These results suggest that �ne-grain information is important to separate the wood components347

(trunk and branches) from the leaves. However, VLS-DL models perform better on real datasets when trained on348

bigger initial cell sizes (5 and 6 cm), while they perform better on virtual datasets with smaller cell sizes. These349

results suggest that �ne-grain vegetation modeling in the input scene might lead to even better VLS-DL models for350

leaf-wood segmentation.351

Table 4 presents a quantitative comparison between the best leaf-wood models (Geometric, Re�ectance, VLS-DL,352

and FVLS-DL) and the FSCT model (Krisanski et al., 2021a).353
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For the case of the isolated trees, the model trained on geometric data achieves only 0:3% more OA and 1:1%354

higher MCC than the FVLS-DL model, while considering re�ectance leads to 2:2% greater OA and 6:5% greater355

MCC. The virtual-to-real generalization of the FVLS-DL model is 9:7% better in OA and 19:7% better in MCC than356

the real-to-real generalization of the FSCT model trained on a di� erent dataset than ours (Krisanski et al., 2021a). For357

the near trees case, the real model trained on re�ectance is not considerably better than the model trained on just the358

geometry. Here, the VLS-DL model (trained on the Wytham Woods synthetic point cloud) has higher accuracy than359

the FVLS-DL model, and achieves just 1% lower OA and 3:5% lower MCC than the real models.360

4.2. Hessigheim results361

Table 5: Evaluation of di� erent submitted models on the test data from the Hessigheim3D benchmark (https://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 (C07), soil/gravel (C08), vertical

surface (C09), and chimney (C10).

F1 per-class(%)

Model OA (%) F1 (%) C00 C01 C02 C03 C04 C05 C06 C07 C08 C09 C10

WHU221118 89.8 79.0 92.9 90.2 78.5 57.9 95.7 80.4 68.5 97.2 62.4 73.1 72.5

Shi220705 84.2 63.5 87.6 85.6 52.4 36.7 95.5 69.3 47.4 94.3 25.1 66.0 38.6

Zhan221025 79.7 65.3 84.3 77.9 58.1 42.3 93.3 65.4 53.5 95.3 23.7 59.9 64.7

Gao-PN++210422 68.5 41.2 78.1 72.1 31.8 13.7 74.0 47.8 28.3 71.8 9.7 21.7 4.4

jiabin221114 58.3 43.4 66.2 18.0 34.2 38.0 72.0 69.0 47.7 78.7 9.8 35.9 8.3

VLS-DL 68.8 54.2 71.1 55.8 2.7 25.9 93.7 73.3 39.0 93.2 20.7 70.4 49.8

Geometric KPConv 81.7 63.8 84.8 82.0 19.5 42.4 94.8 77.8 59.1 94.5 3.6 73.8 69.2

We evaluated our models in detail on the Hessigheim3D (Kölle et al., 2021) public test benchmark. The results of362

the Hessigheim3D benchmark in Table 5 shows that our real models provide average results despite using geometric363

information only. While using real data leads to similar evaluation on validation and test, the VLS-DL model gener-364

alizes worse in the test dataset than in the validation dataset (12:9% decrease in OA compared to 8:3% decrease with365

validation data). However, it still provides results that match the performance of PointNet++-based models such as366

Gao-PN++210422 trained on real data.367

Returning to the validation dataset, Table 6 o� ers the quantitative evaluation of our models on a per-class ba-368

sis. While low vegetation and impervious surfaces give acceptable results, all models have problems with soil/gravel369

points. This can be explained by the di� culty of distinguishing between types of ground points using geometric data370

only and no spectral/radiometric information. These results can also be analyzed in confusion matrices, shown in371

Figure 4 for the real geometric KPConv model and in Figure 5 for the VLS-DL model. The confusion matrices in372
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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 two di� erent 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 (C07), soil/gravel (C08), vertical surface (C09), and chimney

(C10).

F1 per-class(%)

Model Validation C00 C01 C02 C03 C04 C05 C06 C07 C08 C09 C10

VLS-DL Original March 2018 65.2 68.3 12.1 31.9 81.1 61.4 25.9 74.4 3.7 46.8 39.6

VLS-DL Voxel March 2018 71.0 70.7 18.7 33.9 90.5 72.7 44.1 88.8 5.1 50.8 61.1

Real Geometric March 2018 83.3 84.2 41.0 50.2 91.6 74.7 51.0 92.9 1.0 52.6 71.3

VLS-DL Original March 2019 62.8 59.7 1.3 29.5 85.4 59.9 35.7 59.5 0 27.3 8.1

VLS-DL Voxel March 2019 70.0 61.8 16.8 35.7 92.9 69.1 69.0 88.8 1.5 25.2 24.1

Real Geometric March 2019 80.7 83.6 32.4 43.0 93.3 78.5 53.5 88.5 1.0 46.3 35.7

Figure 6 are aggregated on the main categories (“ground” for low vegetation, impervious surface, and soil/gravel;373

“object” for vehicles, urban furniture, and vertical surface; “building” for roof, facade, and chimney; “non-low vege-374

tation” for shrub and tree). Both models – the geometric KPConv model trained on real data and the VLS-DL model –375

o� er outstanding performance on point-wise ground classi�cation when there is no need to distinguish between types376

of ground. Quantitatively, the geometric KPConv model trained on real-world data achieves 92:2% OA and 87:5%377

MCC in the aggregated semantic segmentation, while when trained on virtual data, it achieves 90:2% OA and 84:5%378

MCC, respectively.379

The point-wise classi�cation of building and non-ground vegetation o� ers promising results for real and virtual380

models. The many objects in the Hessigheim point clouds (vehicles, urban furniture, and vertical surfaces) are the381

main problem for both models. An explanation could be that these classes highly bene�t from re�ectance and RGB382

information, which was not included in our VLS-DL models. Moreover, some of these classes are also underrepre-383

sented and have more heterogeneous geometries than others. With 29% of the points of the class “object” correctly384

classi�ed with the VLS-DL model, compared to 44% with the geometric KPConv model (trained on real data), the re-385

sults indicate a suboptimal 3D representation of objects (especially vehicles and urban furniture). For urban contexts,386

the VLS scene model can be signi�cantly improved to �x overly irregular surfaces, missing triangles, and non-smooth387

orientation changes on some surfaces.388

A top view of the classi�ed validation point clouds is shown in Figure 7. Visual inspection reveals some coarse389

grain issues (e.g., the problematic roof at the top), which are similar between real and virtual models. However, the390

misclassi�cation of small urban objects is a bigger problem for the VLS-DL model (Figure 7a). In a post-processing391

evaluation, all models perform well when grouping the semantic classes into aggregated categories (Figure 7b). The392
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conclusions from the visual inspection agree with those from the confusion matrices.393

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 results394

Table 7 shows that the results of our FVLS-DL and VLS-DL models are quantitatively within the state-of-the-art395

(SOTA) interval for leaf-wood segmentation. The FVLS-DL model is 3% lower in OA than the top SOTA model (Han396

and Śanchez-Azofeifa, 2022) whether considering isolated or near trees, while the VLS-DL model is only 2% below397

the SOTA considering the near trees experiments. Thus, the performance of both virtual models is near the state-of-398

the-art when properly tuned.399

A general visual impression of point-wise classi�cation on near trees is given in Figure 8 together with the corre-400

sponding confusion matrices. All the models give a good approximation of the label reference. The model trained with401

re�ectance gives the best results and shows the least confusion. However, the di� erences are small. More concretely,402

the re�ectance-based model correctly classi�es 3% more wood points than the virtual model and just 1% more leaf403

points. The real geometric KPConv and the VLS-DL model di� er when studying their confusion. More concretely,404

19




	Introduction
	Related work
	Labeled datasets
	Deep learning on point clouds
	Virtual laser scanning

	Method
	Theoretical model
	Experimental framework
	Virtual laser scanning
	Deep learning
	Evaluation


	Results
	Aggregated comparison
	Hessigheim results
	Leaf-wood results
	Mesh sampling, VLS, and real-world point cloud comparison

	Discussion
	VLS-DL applied to urban contexts
	VLS-DL applied to leaf-wood segmentation
	VLS-DL versus mesh sampling
	VLS-DL hyperparameter tuning
	VLS-DL cost and automation

	Future challenges
	VLS-DL for regression
	Tuning Virtual Laser Scanning
	Dynamic Virtual Laser Scanning

	Conclusions
	Declaration of competing interests
	Acknowledgement
	Virtual Scene Generation and Virtual Laser Scanning
	Urban Scene Classification
	Leaf-wood Classification

	Real point clouds for training and validation

