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 A B S T R A C T

Digital twins of the built environment promise major efficiency gains in managing and maintaining infrastruc-
ture. A main component of Digital Twin systems is an information-rich, up-to-date, virtual representation of the 
physical scene. Deriving such an as-is geometric–semantic model (GSM) of the target environment that is both 
timely and realistic poses a substantial challenge. In particular, the required data aggregation and processing 
remain substantial obstacles for robust and highly automated generation. The Scan-to-Twin workflow aims 
to automatically produce an as-is GSM from reality-capture data, but deep learning–based automation still 
depends on costly manual annotations. We present SynthRoads, a framework that synthetically generates multi-
modal data for every step of Scan-to-Twin, enabling deep learning for point-cloud semantic segmentation and 
geometric extraction in road environments. SynthRoads combines modular model generation with synthetic 
laser scanning to efficiently create annotated point clouds, geometry parameters, and GSMs. While broadly 
applicable, we demonstrate significant performance gains for road semantic segmentation and road centerline 
regression in Scan-to-Twin use cases. Our framework is highly adaptable, leveraging the realism of a game 
engine and a procedural modeling approach to efficiently generate diverse and realistic road scenes.
1. Introduction

Scan-to-Twin targets the purposeful generation of tailored 2D and 
3D digital models for Digital Twin applications. The resulting as-is 
geometric–semantic model (GSM) is generated according to the use 
case requirements of a Digital Twin and acts as an efficient foundation 
for the development of the Digital Twin system [1]. While building 
information modeling (BIM) mainly targets planning and construction, 
a Digital Twin of the built environment focuses on impacts and in-
teractions on an existing structure. In general, a Digital Twin consists 
of a physical asset, the virtual twin, sensor data inputs from the 
real environment into the virtual environment, data analyses, and a 
feedback system into the physical world to optimize or automate a 
specific process [2]. Automating the model generation step is essential, 
as multiple use cases can target the same physical environment but 
may require different digital representations. Creating such multi-scale 
representations manually is infeasible due to extensive modeling effort. 
Additionally, since the physical environment is subject to continuous 
change, which has to be reflected in the virtual twin, manual mod-
eling lacks the required flexibility and speed [3]. A manually created 
model also loses the direct relation to the reality capture data, which 
may be important, especially for change detection tasks. Thereby, 
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detected changes based on the comparison of survey data at different 
times lack clear implications for the objects in the model that have 
to be updated, especially if the point cloud segment of the object in 
question is incomplete [4]. However, establishing a robust approach 
for automatically deriving as-is GSMs is complex [5]. A typical step 
relying on artificial intelligence in the Scan-to-Twin process is seman-
tic segmentation, where the point cloud or image data is segmented 
into point or pixel clusters representing specific objects, such as road 
furniture (e.g., guardrails, posts, gantries, and signs), road markings, 
or the road surface. The subsequent geometry extraction from these 
semantic objects could, in principle, also be conducted by supervised 
learning if accurate ground truth data for geometry parameters such 
as the road centerline, the location and shape of spalling and rutting, 
or even the number of lanes on each carriageway were available at 
large scale. Creating such ground truth from point clouds, however, 
requires substantial manual effort. Public datasets that provide paired 
point clouds and lane-level geometry labels suitable for supervised 
geometry extraction remain scarce; for example, [6], which specifi-
cally targets lane-level geometry extraction from mobile laser scanning 
(MLS) point clouds and focuses on road-marking polylines rather than 
full pavement geometry. For this reason, most works conduct semantic 
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segmentation as a first step to isolate the pavement and subsequently 
extract the geometry [7], as was done in [8,9]. For geometry extraction, 
most approaches rely on different sets of conventional methods, such 
as fitting techniques or filtering, as used in [10,11], which, how-
ever, might fail to generalize to heterogeneous environments typical 
of Digital Twin applications. To the best of our knowledge, end-to-end 
carriageway centerline regression directly from raw 3D point clouds, 
without intermediate rasterization or skeletonization, has not yet been 
systematically studied in the Scan-to-Twin context.

This indicates that the data requirements for semantic segmentation 
models as well as geometry regression models for 3D point clouds 
constitute a major issue for progressing to more comprehensive 3D 
reasoning [12]. An additional obstacle is the high effort of data acqui-
sition, preprocessing, and annotation. More issues arise when acquiring 
point clouds in the road environment due to safety restrictions, which 
require special precautions and approvals from highway authorities. 
Currently, mobile mapping systems (MMS) are the only feasible large-
scale acquisition technology for large-scale 3D surveying of roads in 
use. However, the use of terrestrial laser scanning (TLS) and unmanned 
aerial vehicle (UAV)-based laser scanning is feasible on closed roads. 
The completeness of the captured data depends on many factors, such 
as the amount of traffic leading to scanning shadows for vehicles close 
to the MMS during surveys or the height of the scanner system on the 
survey platform, which might become problematic for relatively high 
barriers that limit the field of view of a scanner and lead to scanning 
shadows. While real data is essential for training a well-generalizing 
segmentation model, augmenting it with representative synthetic data 
can enhance generalization and mitigate the challenges associated with 
laborious data acquisition and preprocessing [13].

In response to these constraints, we propose SynthRoads, a synthetic 
data generation framework that provides controllable, richly annotated 
3D point clouds for semantic segmentation and downstream geometry 
extraction in road environments.

Unlike prior synthetic point cloud pipelines that either emphasize 
scan simulation without photorealistic rendering and material-driven 
appearance or focus on visually realistic driving simulators without ex-
posing consistent infrastructure parameters and Scan-to-Twin outputs, 
SynthRoads closes this gap by explicitly enforcing cross-modal, end-to-
end consistency across the Scan-to-Twin chain and generates paired, 
mutually consistent modalities of: (i) annotated point clouds with 
realistic scan artifacts and radiometric features, (ii) the corresponding 
geometry parameters (e.g., road centerlines and corridor-level descrip-
tors), and (iii) the resulting 3D geometric–semantic models (GSMs). 
This pairing enables supervision not only for semantic segmentation 
but also for direct geometry regression from raw point clouds.

SynthRoads leverages domain knowledge about road layouts and 
laser scanning to automatically generate synthetic GSMs from random-
ized parameters and high-fidelity virtual scan simulations. To ensure 
realism and plausibility, parameter sampling is constrained by German 
highway design prescriptions (RAA) [14]. Beyond increasing training 
data volume for point-cloud semantic segmentation, the availability 
of paired geometry parameters provides direct input for subsequent 
Scan-to-Twin steps such as geometry extraction and model generation. 
Moreover, full-pipeline synthetic datasets facilitate additional use cases, 
including uncertainty quantification in Scan-to-Twin workflows [15]. 
The framework is modular by design, enabling adaptation to other do-
mains or scenario configurations by modifying individual components, 
including the parameter module, the model generation module, and the 
Unreal Engine-based virtual scanner module [16].

Our main contributions are:

1. a modular road-scene generator with rule-constrained parameter 
sampling (RAA),

2. an Unreal Engine 5 scan-simulation plugin that produces feature-
rich point clouds (RGB, intensity, and material-related parame-
ters),
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3. an experimental evaluation demonstrating segmentation gains 
on real highway data through synthetic augmentation, and

4. to the best of our knowledge, the first study evaluating end-to-
end road centerline regression directly from raw 3D point clouds 
using synthetic geometry-parameter supervision.

5. a synthetic dataset consisting of annotated point clouds and 
geometry parameters for road related Scan-To-Twin.

The remainder of this paper is organized as follows. Section 2 
reviews related work, Section 3 derives research gaps and research 
questions, and Section 4 details the SynthRoads methodology. Section 5 
presents the experimental setup, and Section 6 reports results for 
semantic segmentation (PointNeXt [17]) and deep learning-based cen-
terline regression using two lightweight architectures. Finally, Section 7 
concludes the paper and outlines future work.

2. Related work

In the following section, we will introduce previous works that dealt 
with synthetic point cloud data generation and review findings on data 
augmentation for semantic segmentation applications to identify the 
existing research gaps we aim to close with SynthRoads.

2.1. Synthetic point cloud generation approaches

There are different approaches for synthetic point cloud generation, 
which can be categorized into four groups:

1. Scan simulations
2. Generative models (GMs)
3. Scene re-combination
4. 3D model-based surface sampling

Each category has its own respective advantages and disadvantages, 
which we will discuss in the following subsections.

2.1.1. Scan simulations
Scan simulations mainly target the areas of autonomous driving 

[18] and earth observation. One of the most popular simulators for 
autonomous driving is CARLA [19]. While primarily intended as a test 
suite for autonomous driving simulations, it was also used to generate 
synthetic point cloud data for scene reconstruction applications. Multi-
ple works have used CARLA to generate synthetic point clouds based on 
ray casting, such as [20,21], and [22]. Other works on scan simulations 
in autonomous driving that developed standalone simulations are [23,
24]. A popular simulator for earth observations is Helios++ [25], which 
targets the simulation of geodetic surveys on varying platforms. The 
framework allows use for several different applications, such as testing 
of different scan settings, comparison of simulated data to real data, 
virtual laser scanning for data augmentation for supervised machine 
learning, or testing for novel algorithms. While Helios++ does not rely 
on a game engine for a realistic physical environment as CARLA does, 
the focus lies on realistic laser scan simulation, incorporating factors 
such as beam divergence, full waveform scanning, and an exchangeable 
deflector mechanism. A survey in Helios++ requires definition of the 
3D scene, the scanner platform, the scanner itself, and the trajectory 
or scanner standpoints for MLS platforms or TLS platforms, respec-
tively, which are structured into so-called legs. Helios++ is capable of 
retrieving the scan features intensity and the number of returns and 
supports scene partitioning to create per-point class labels. However, 
while color can be retrieved, it is sampled from assigned materials of 
objects and is therefore not able to capture realistic colors affected by 
lighting. Another example was presented in [26], where Unreal Engine 
was used to build a training suite for TLS. However, this work is limited 
to relatively few scenes and focuses on teaching the correct placement 
of markers and scan positions. Scan simulations in general are well 
suited to generate realistic synthetic point clouds due to the high level 
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of control over the simulation, mimicking a real survey mission to 
yield characteristic scan patterns and scan shadows. However, they also 
require the highest effort to generate diverse scenes, since models have 
to be created beforehand and the survey conducted has to be set up for 
each individual scene.

2.1.2. GMs
The use of GMs for synthetic point cloud generation is a promising 

approach that could potentially largely improve the performance of 
semantic segmentation models by directly generating 3D point clouds 
from noise, without the need for any previous modeling. Several works 
have dealt with different model architectures such as generative ad-
versarial auto-encoders (GANs), variational auto-encoders (VAEs), or 
diffusion-based models for point cloud generation. In [27], a GAN was 
implemented to generate single object instances based on the ShapeNet 
dataset [28], and in [29], a diffusion model was used to generate single 
objects from ShapeNet, ModelNet10, and ModelNet40 [30]. Another 
work compared different generative models to augment point cloud-
based object recognition in driving scenarios, where Gaussian Mixture 
Models and variational auto-encoders were tested for their capability of 
generating different traffic-related objects [31]. They evaluated the im-
pact of the generated examples on the point cloud data of the nuScenes 
dataset [32] using a PointNet model [33], which led to improvements 
in the F1 score of up to 4.6% for L-GAN-based generations [34]. 
Upsampling augmentation could potentially be used to densify sparse 
point clouds using GMs, as in [35]. A general issue of GMs for the 
generation of whole scenes is the sheer complexity in the composition 
of large-scale scenes, which might be a major reason why previous 
works focus on the generation of single objects instead of performing 
scene generation. This makes GMs useful only in combination with a 
different approach that creates the basic scene layout, which might then 
be populated with GM-generated objects for our use case.

2.1.3. Scene re-combination
Another common approach for synthetic data generation is scene 

recombination. An existing scene acts as a foundation, and existing 
scanned objects are either moved within the scene or augmented by 
point clouds of objects sampled from 3D models or extracted from other 
scans. [36] used this approach to generate new scenes of level crossings 
by combining both real point cloud segments and synthetic point cloud 
segments generated from 3D mesh models. One potential issue in scene 
recombination, however, is the potential creation of unrealistic survey 
scenarios, where scan shadows and scan patterns might mismatch in 
comparison to real data. An additional potential issue is mixing up 
different scan sources with inherent domain shifts, which may lead 
to untrackable issues, especially concerning scanner features such as 
intensity.

2.1.4. 3D model-based surface sampling
A comparatively simple approach for generating synthetic point 

clouds is sampling points from a 3D model’s surface. While it is quite 
straightforward, the degree of realism is relatively low, since aspects 
such as scan shadows, scan patterns, or occlusions are usually not 
included in existing versions of this approach. Most studies applying 
3D model-based surface sampling are related to indoor semantic seg-
mentation, such as [37,38]. Both works created point clouds from 3D 
models and achieved a performance boost when combining real and 
synthetic data during training. In [39], the authors created synthetic 
point clouds of bridges to enrich the training data of a deep-learning 
model for semantic segmentation. Though applicable much quicker 
than scan simulation, the degree of realism tends to be lower than 
that of scan simulations and lacks characteristic scan features such as 
intensity of multiple reflections.

2.2. Data augmentation for deep learning approaches

Most synthetic point cloud generation approaches are compared to 
standard data augmentation methods for point clouds, which are a 
3 
research topic of their own with many works dealing with wide-ranging 
approaches to augment point cloud data without direct generation of 
synthetic data but by transforming the existing real data in various 
ways. In [40], the authors differentiate between basic augmentation 
methods and specialized augmentation for point clouds. Basic data 
augmentation comprises affine transformations such as translation, 
rotation, scaling, or shear. Other basic methods are dropping points, 
jittering, or ground truth sampling, which is equivalent to what we 
refer to as scene recombination with real object instances added to 
an existing scene. Adding point cloud instances of underrepresented 
objects may help with issues regarding class imbalances but requires 
robust measures of instance placements to prevent unrealistic placing, 
as discussed in Section 2.1.3. Specialized point cloud augmentation 
comprises different methods that mainly target specific use cases or 
target environments, such as mixing two instances of the same or of 
different classes to form a new object, which, however, is also only 
applicable on the instance level. Another interesting method is domain 
augmentation, where training data is changed to represent a different 
domain. A simple example is simulating different weather conditions 
in the data, as done by [41]. Though such augmentations are much 
more common in autonomous driving applications, where obstacles 
have to be robustly detected independently from varying weather 
conditions, this approach could potentially also benefit the robustness 
of Scan-to-Twin-related semantic segmentation approaches, since it 
introduces another dimension of variance into the training data that 
directly affects point distributions, reflectance, and texture. Instance 
deformation is used to deform instances of objects to push a model 
towards generalizing class detection to diverse shapes, as done in [42]. 
A similar approach would be completion augmentation, where GANs 
could be employed to reconstruct missing parts of scanned instances to 
create a complete representation [43], while another approach would 
be generating data with a GM using data from a different modality, 
as in [44], where depth images were used with a GM to create dense 
pothole point cloud data for pavement damage segmentation.

3. Research gaps

Following the review of previous works, we identified several gaps 
in our target research field of synthetic data generation for scene-level 
data augmentation of road environments. The first issue of general data 
augmentation arises from the scene’s inherent placement rules for new 
object instances, which are restricted to on-road objects such as vehicles 
or barriers and roadside objects such as traffic signs, guardrails, or 
vegetation. Additionally, the object orientation for on-road objects has 
to follow the driving direction in our highway scenarios. Formulat-
ing these kinds of relationships requires knowledge about the scene, 
which in most works is linked to an underlying 3D model providing 
this information. However, there is no fast and comprehensive way 
to automatically generate varying road scenes, specifically targeting 
synthetic data generation (1). Generating realistic and information-rich 
synthetic point clouds to this point is mostly limited to one of two 
options. Either synthetic laser scanning simulators are dealing with 
the scanning process itself and disregard important information for 
semantic segmentation, such as realistic lighting and color retrieval, 
or a simulation provides realistic shading, as in CARLA, but targets 
autonomous driving scenarios with limited applicability for Scan-to-
Twin workflows. For example, there is no approach that can aggregate 
both a synthetic labeled point cloud and the road-related geometry pa-
rameters such as the centerline, road width, road boundary, and object 
placements that would enable augmenting supervised learning methods 
for geometry extraction as well as data augmentation for semantic 
segmentation (2). There is no comprehensive framework combining 
both automatic highly variable road model generation and synthetic 
laser scanning simulation to optimize the Scan-to-Twin pipeline as a 
whole (3). For this reason, we aim to answer the following research 
questions in this contribution:
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Fig. 1. Overview of connection between the SynthRoads framework and Scan-to-Twin.
1. How can synthetic point cloud data be generated for increasing 
robustness and generalization of semantic segmentation models 
of the road? (RQ1)

2. How can model generation be automated to provide synthetic 
scanning methods with large amounts of different scenes? (RQ2)

3. How can the Scan-to-Twin process be comprehensively sup-
ported with a pipeline for generating complete sets of corre-
sponding, synthetic point clouds, annotations, geometry param-
eters and models? (RQ3)

4. Methodology

In the following section, we will introduce each component of 
our framework, SynthRoads, which comprises a parameter generator 
module, a road modeling module that we introduced in [45] in a pre-
liminary stage, and the core of this work, an Unreal Engine 5-based scan 
simulator, capable of directly using models created by the model gener-
ator and retrieving a virtual point cloud with color values, reflectance 
values, and even material properties of the captured surfaces. This 
set of modules enables the collection of fully synthetic Scan-to-Twin 
datasets consisting of 3D models, geometry parameters, and labeled 
point clouds. Figs.  1 and 2 depict our workflow in conjunction with 
Scan-to-Twin. The starting point of SynthRoads was chosen in a reverse 
engineering fashion. Starting with creating a model that conforms to 
the desired outcome of Scan-to-Twin increases the controllability of 
uncertainties that are introduced in the workflow. Having a ‘true’ model 
as a basis for synthetic point cloud generation is crucial, since a core 
concept of Scan-to-Twin, as we defined in [46], is the aggregation and 
measurement of the model uncertainty. This facilitates the calibration 
of the Digital Twin use case utilizing the digital GSM, which in turn 
leads to more accurate results and better estimates for the decision 
support’s inherent uncertainty.

4.1. Model generation

Our model generation workflow consists of two parts: first, we 
generate a geometry parameter set with a Python module and then use 
this set for actual modeling of the road in the SideFX Houdini software 
for procedural modeling.

4.1.1. Parameter generator
The Python-based geometry parameter generator is capable of auto-

matically generating a road setup with a centerline acting as a backbone 
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for the road. The road curvature is constrained by the German highway 
construction codes RAA [14] and limits the minimum and maximum 
curvature of the centerline. The number of lanes and their width on 
each carriageway can be specified, and the topography close to the 
road boundary can be either generated or defined using an existing 
digital elevation model (DEM). We further differentiate between point 
objects and line objects for road furniture, such as traffic signs, shield 
gantries (overhead sign gantries), posts, and guardrails or barriers, re-
spectively, which are placed either randomly or according to specified 
safety requirements for highways with guardrails required in curves or 
separating the carriageways. To manage these options, we developed a 
graphical user interface (GUI) in which parts of the configuration of 
a road can be manually adjusted or fully automatically regenerated 
with random values within prescribed limits. This GUI is depicted 
in Fig.  3. Although there are options to directly model roads with 
CityEngine [47] or RoadRunner [48] for example, these solutions firstly 
rely on mainly manual interaction with the software to model a road 
and are not capable of exposing road geometry parameters directly, in 
contrast to our two-step approach. An additional important argument 
for this approach is the fact that in the Scan-to-Twin workflow, model 
generation relies on the extractable parameters, which might lead 
to infeasible solutions if the necessary parameter set for modeling a 
road is unknown. Therefore, we are not just able to define diverse 
parameter sets that are sufficient for model generation, but we also 
deliver an approach that actually generates consistent models from a 
set of parameters. In turn, the successful extraction of such geometry 
parameters from a semantically segmented point cloud demonstrates 
the feasibility of model generation based on a minimal set of required 
parameters. We export the parameter set to JSON, choosing a relatively 
compact structure similar to the CityJSON standard [49].

4.1.2. Modeling module
The procedural modeling module was implemented in SideFX Hou-

dini. The main reason for that choice is seamless integratability into 
Unreal Engine, allowing the import of the road modeling module as an 
interactive asset, which then avoids creating an interface between the 
model and the scanning process. This allows directly generating new 
roads by simply loading a new JSON-based parameter set in Unreal 
Engine, while Houdini exposes all relevant parameters, allowing ad-
justing the parameters of the model within the engine. Fig.  4 depicts an 
example of a generated road model with the modeling module in Unreal 
Engine. The modeling of road furniture assets such as road signs, shield 
gantries, guiding posts, and guardrails is referenced in the schema by 
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Fig. 2. Overview of the SynthRoads process pipeline.
Fig. 3. Example of the revised road generation module with two generated turnouts.
positions relative to the centerline, with additional roadside informa-
tion. This logic corresponds to the structure of the IfcRoad standard, 
where assets can be placed at stations of an underlying IfcAlignment 
entity via IfcLinearPlacement. The process is designed modularly to 
allow replacement of single object generation and placement through 
further development. In that way, we introduced turnouts (short lane 
divergences such as emergency bays or small exits) into the preliminary 
system, adding a new dimension to the possible road configurations. As 
5 
well as an additional flexible placement module, which allows easily 
adding more assets into the scene for increased diversity. However, it 
has to be noted that the scan simulation does not depend on models 
generated by the modeling module. Therefore, other assets or full 
scenes can be scanned similarly if they can be imported as static mesh 
objects into Unreal Engine. The classification corresponds to component 
tags, which can be manually assigned in Unreal Engine. The modeling 
module automatically assigns component tags that are captured by the 
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Fig. 4. Example of a road model generated in Unreal Engine.
scan simulation via a mapping array that can be easily extended to add 
new object classes.

4.2. Scan simulation

The scan simulation relies on a ray casting process, where a scanner 
instance is placed at a position of a spline curve or polyline, which 
is automatically created when baking the model in Unreal Engine. 
This scan path corresponds to the centerline either directly, by simply 
defining a flight altitude, or can be set to a smoothed option or a 
zigzag pattern, where the path created is represented by a polynomial 
curve, which is fit to the centerline. The scanner provides options 
for beam divergence, multiple returns, noise, and the scan resolution, 
which corresponds to the angle increment of the scanner and field of 
view, which is adjustable. For our experiments, we defined the scanner 
parameters according to those of a Riegl miniVUX 3 UAV scanner [50] 
in the standard configuration (beam divergence: 1.6 × 0.5 mrad, angle 
increment: 0.018◦), as the real surveys were conducted with the same 
scanner. The intensity profile is calculated using either the Lambertian 
reflectance model or the Oren-Nayar reflectance model. The Lamber-
tian reflectance model, Eq. (1) is derived from [51] under the condition 
of local object homogeneity and adapted with a heuristic for estimating 
the reflectivity from material texture parameters. We denote 𝐼0 as 
the emitted beam intensity and 𝑅 as the surface reflectivity, which is 
calculated with Eq. (2) from the texture values and albedo, which is 
computed as the luminance, 𝑇𝑎𝑙𝑏𝑒𝑑𝑜 with Eq. (3) from the base color 
of a texture. 𝑑 is the distance between the scanner and surface, 𝜃 is 
the angle of incidence between the laser beam and surface normal, 
and 𝛼 is the atmospheric attenuation coefficient, which is a coefficient 
for signal strength reduction in the atmosphere through absorption 
and scattering. We are able to adjust 𝛼 according to different weather 
conditions, such as rainfall, fog, or dust, to adapt the scan simulation 
to different scenarios. The reflectivity of objects is extracted from the 
specularity (𝑇𝑠𝑝𝑒𝑐𝑢𝑙𝑎𝑟𝑖𝑡𝑦) and metallic (𝑇𝑚𝑒𝑡𝑎𝑙𝑙𝑖𝑐) parameters of the applied 
material of an object. 

𝐼LAMreturn = 𝐼0 ∗
𝑅 ∗ cos 𝜃

𝑑2
∗ 𝑒−𝛼∗𝑑 (1)

𝑅 = (1 − 𝑇𝑚𝑒𝑡𝑎𝑙𝑙𝑖𝑐 ) ∗ (𝑇𝑠𝑝𝑒𝑐𝑢𝑙𝑎𝑟𝑖𝑡𝑦 + 0.5 ∗ 𝑇𝑎𝑙𝑏𝑒𝑑𝑜) + 𝑇𝑚𝑒𝑡𝑎𝑙𝑙𝑖𝑐 ∗ 𝑇𝑎𝑙𝑏𝑒𝑑𝑜 (2)

𝑇𝑎𝑙𝑏𝑒𝑑𝑜 = 0.3 ∗ 𝑅𝑒𝑑 + 0.59 ∗ 𝐺𝑟𝑒𝑒𝑛 + 0.11 ∗ 𝐵𝑙𝑢𝑒 (3)

The Oren–Nayar reflectance model extends this formulation by 
explicitly accounting for surface roughness through a micro-facet bidi-
rectional reflectance distribution function (BRDF), which we adopt in 
the simplified configuration proposed by Carrea et al. [52]. In our 
implementation, the Oren–Nayar reflectance is obtained by modulating 
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the Lambertian term in Eq. (1) with an angular factor that accounts for 
surface roughness, 

𝐼ONreturn = 𝐼0
𝑅 cos 𝜃
𝑑2

(

𝐴 + 𝐵 sin 𝜃 tan 𝜃
)

𝑒−𝛼𝑑 , (4)

where 𝐴 and 𝐵 are functions of the standard deviation of the facet slope 
distribution 𝜎slope (in radians), 

𝐴 = 1 − 1
2

𝜎2slope
𝜎2slope + 0.33

, (5)

𝐵 = 0.45
𝜎2slope

𝜎2slope + 0.09
. (6)

In the monostatic TLS configuration considered by Carrea et al. 
[52], the incoming and outgoing rays are assumed to be collinear, so 
the bidirectional Oren–Nayar BRDF simplifies to 𝐿𝑟 = 𝑅𝐸0 cos 𝜃

(

𝐴 +
𝐵 sin 𝜃 tan 𝜃

)

, where 𝐸0 is the irradiance at normal incidence. We in-
corporate this factor into the LiDAR range equation by replacing the 
Lambertian cos 𝜃 term in Eq. (1) with cos 𝜃(𝐴 + 𝐵 sin 𝜃 tan 𝜃

)

, which 
yields the Oren–Nayar-based return intensity in Eq. (4). The roughness 
parameter 𝜎slope is mapped from the material roughness of the Unreal 
Engine texture. In the case of 𝜎slope → 0, we obtain 𝐴 → 1 and 
𝐵 → 0, so that 𝐼ONreturn reduces to the Lambertian reflectance in Eq. (1). 
Supporting this second reflectance model improves the adaptability 
of our framework to application domains with more heterogeneous 
incidence angles and viewing geometries than in our main use case of 
road surface scanning. A figure comparing the intensity distributions 
generated by each model on the same example road is included in the 
supplementary material (Page 8, Fig. 10).

The scan patterns can be adjusted to four different options:

1. Grid
2. Oscillating
3. Rotating
4. Wedge Prism

An additional option to apply dynamic shadows from clouds can 
be enabled as well to yield more diverse surface colors. The option 
for multiple returns is achieved by a multi-line trace that registers the 
permeability of the first hit object and can therefore penetrate objects 
whose textures indicate permeability, such as vegetation in our case. 
The decision to not consider reflections for metallic or polished objects 
targeted efficiency in point cloud generation, with complex reflection 
and refraction adding a relatively large additional computation cost 
while adding rather small amounts of relevant realism for our road-
related use case. Furthermore, the scene can be enhanced with dynamic 
objects, such as vehicles driving on the road, which can then be labeled 
as well to add to realism. These vehicle trajectories can be option-
ally generated during model cooking and represent the centerlines of 
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Fig. 5. Examples of different rendering modes in Unreal Engine.
each lane. The vehicles can be assigned either one unified class via 
tagging the asset or individual classes by vehicle types. An example 
of the scanning results with added dynamic vehicles is provided in 
the supplementary material document (Page 8, Fig. 9). The movement 
speed of the vehicles is reduced by an adjustable factor to match the 
scanning speed and yield realistic results, as during the scan simulation, 
the scanner also moves slower than in a real scan.

4.2.1. Texture property retrieval
RGB colors are important features for point cloud semantic segmen-

tation [53]. The virtual scanner captures RGB values, similarly to the 
real laser scanning practice, where a calibrated camera is mounted to 
the scanner and captures images that are then used to map color values 
to the points in the scene. We replicate this process by capturing cali-
brated render target images from the scanner and mapping the image 
pixel’s UV coordinates to the point cloud dynamically. This approach 
allows us to not only retrieve RGB values from the rendered Unreal 
scene but also directly adjust the colors by changing the rendering 
mode in Unreal. An example of different rendering modes is depicted 
in Fig.  5.

Additionally, we optionally capture so-called render targets from 
different layers of the scene. These render targets can be viewed as 
a virtual camera, capable of capturing arbitrary scene layers, which 
we leverage to capture the texture parameters directly from the scan-
ner’s perspective. Since color is only one of several properties of a 
textured surface, we are able to also capture texture parameters, such as 
roughness, metallic values, and specularity, using the same approach, 
which is necessary for intensity calculation and surface adjustment. 
Fig.  6 shows examples of the different texture parameters we can 
automatically capture and map as point-wise features to the point 
cloud. This retrieval of surface textures has significant advantages. 
While the original object’s hit box can be relatively simple, e.g., a flat 
surface for the road, the point-wise roughness and surface normal can 
be extracted and used to adjust points accordingly to achieve a more 
realistic pattern resembling the microstructure of different materials. 
In that way, we use a simple roughness post-processing to shift the 
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local point neighborhoods to correspond to the roughness of the terrain 
and materials captured. An example of the comparison of the synthetic 
point cloud surface patterns to a real scan with a Riegl miniVUX 3 
UAV scan is depicted in Fig.  7 with coloring according to height. In 
this regard, the possible degree of realism corresponds to the quality 
of the applied textures, which can be easily exchanged within Unreal 
Engine and potentially even be randomly assigned during generation 
to create different surface patterns.

4.2.2. Beam divergence
Our virtual scanner features configurable beam divergence, follow-

ing the approach from Helios++ [25] and adding further functionality 
for customization. A cylindrical ray sampling with adaptable resolution 
can be used to compute the point measurements with respect to the 
adjustable beam divergence, where the footprint radius is computed 
based on the distance to an initial hit. Additionally, we feature conical 
beam divergence to even more closely mirror the physical realism of 
beam divergence compared to the cylindrical approach. Figs.  8 and
9 depict different examples for our beam divergence with both the 
cylindrical and the conical methods.

4.3. Centerline regression

As has been stated in Section 1 there is a lack of approaches 
to directly perform centerline regression from point clouds using a 
single deep learning approach. To demonstrate the potential to enable 
deep learning for centerline regression with our new data, we devel-
oped two simple neural network architectures for this task. We utilize 
geospatial data for creating sequences of point cloud sections along the 
road, which is an adaptation of our roadblock approach from [54]. 
A critical point lies in avoiding regularities in positioning from this 
slicing process, which might lead to the model learning undesirable 
characteristics that stem from our preprocessing. Therefore, we apply 
a random XY shift within a 12 m window to again crop out a subset of 
each individual slice, making sure the centerline does not correspond 
to the geometric center of a respective slice, and for the single-section 
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Fig. 6. Example of extracted color and material properties at the examples of different material cubes.
Fig. 7. Comparison between unprocessed and processed synthetic point clouds with real point cloud from UAV laser scan.
model, apply random rotations per slice and Gaussian jittering for both 
models. The first model uses long-short-term-memory (LSTM) layers 
and receives a sequence of roadblocks, which are ordered, and outputs 
predictions for each individual roadblock. The second model processes 
individual blocks using a simplified self-attention mechanism. Both 
models initialize 25 kernel points along the orthogonal of the principal 
direction of the slices to perform a simplified kernel point attention 
inspired by the Kernel Point Convolution model (KPConv) [55]. While 
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we use fixed kernel points for the sequence model, we used a simple 
deformable kernel point mechanism for the single-section model.

4.4. Performance metrics

This section summarizes the metrics used to evaluate our experi-
ments. For a given class, we denote true positives (TP), false positives 
(FP), and false negatives (FN). Based on these counts, we report per-
class precision (7) and recall (8) for the semantic segmentation task, as 
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Fig. 8. Examples of different beam divergence configurations (exaggerated for visualization).

Fig. 9. Examples of different beam divergence configurations (exaggerated for visualization).
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Table 1
Runtime of individual processing steps in the SynthRoads pipeline.
 Process step Domain Time [s] 
 Parameter generation Python 20  
 Model loading & cooking Unreal Engine 186  
 Model baking Unreal Engine 154  
 Scan preparation Unreal Engine 38  
 Scanning Unreal Engine 180  
 Scan merging Python 48  
 Roughness adjustment Python 100  
 Full process Unreal Engine & Python 726  

well as the intersection over union (IoU) (9). 
Precision = TP

TP + FP
(7)

Recall = TP
TP + FN

(8)

IoU = TP
TP + FP + FN

(9)

For experiment domain two, we use the mean absolute error rate 
(MAE) and Chamfer Distance (CD).

Let {(𝑦𝑖, 𝑦̂𝑖)}𝑁𝑖=1 be ground-truth/prediction pairs with 𝑦𝑖, 𝑦̂𝑖 ∈ R2

denoting 2D centerline points. We measure pointwise error by the 
Euclidean norm and report the mean absolute error. 

MAE = 1
𝑁

𝑁
∑

𝑖=1

‖

‖

‖

𝑦𝑖 − 𝑦̂𝑖
‖

‖

‖2
, (10)

where 𝑁 is the number of evaluated points. Here, 𝑦𝑖 denotes the 
ground-truth point and 𝑦̂𝑖 the predicted point.

For curve-level evaluation, we fit a polynomial to the predicted and 
the ground-truth centerline, respectively, and sample both curves at 
uniform arc-length spacing of 1m to obtain point sets 𝑋 = {𝑥𝑘}

|𝑋|

𝑘=1 ⊂ R2

(prediction) and 𝑌 = {𝑦𝓁}
|𝑌 |
𝓁=1 ⊂ R2 (ground truth). The symmetric 

Chamfer distance is defined as: 
CD(𝑋, 𝑌 ) = 1

|𝑋|

∑

𝑥∈𝑋
min
𝑦∈𝑌

‖𝑥 − 𝑦‖2 + 1
|𝑌 |

∑

𝑦∈𝑌
min
𝑥∈𝑋

‖𝑦 − 𝑥‖2, (11)

where ‖ ⋅ ‖2 denotes the Euclidean norm.
We train all models five times to analyze model reliability. As a 

result, each metric is reported with its mean value and its standard 
deviation in brackets to allow insights into the stability of the respective 
tests.

5. Experimental evaluation

For the evaluation of our approach, we measured the computation 
time from initial parameter generation to the post-processed point 
cloud on a desktop computer with the following specifications:

• RAM: 64 GB DDR5
• Processor: Intel i9-11900K
• GPU: Nvidia Quadro RTX 5000
• Storage: Samsung NVMe PM9A1
The full process takes approximately 12 min from generation of the 

parameters to roughness-adjusted point cloud, as shown in Table  1. 
While the time of model cooking (loading the model and preparing pro-
cedural assets) and baking (finalizing the mesh representation) could 
potentially be accelerated through more efficient modeling strategies, 
the total time to receive a synthetic 600-meter-long road point cloud 
consisting of 15.46 million points with RGB color, intensity, metallic, 
roughness, specularity, object classes, and surface normals, as well 
as a corresponding geometry set, is acceptable for our use case. The 
resulting point cloud from this timed example is depicted in Fig.  10. 
While the point density of our scan can be easily adjusted, the data 
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used for training is subsampled to 4 cm grid spacing anyway, which 
makes the tested configuration feasible.

To quantitatively assess the similarity between the synthetic and 
real data, we directly compare the real survey of the A45 with a 
corresponding synthetic point cloud generated by our framework. Both 
point clouds are grid-subsampled to a resolution of 4 cm to ensure 
comparable sampling density. For each dataset, we compute a set of 
geometric features (number of points, point density, and height statis-
tics) and a local roughness descriptor, as well as radiometric features in 
the form of intensity and luminance statistics (Table  2). Intensities and 
RGB values are normalized to the native scales of the respective sensor 
or simulation, and roughness is derived as eigenvalue-based surface 
variation within a fixed neighborhood.

The synthetic point cloud exhibits a point density that is relatively 
close to the real scan, indicating that the simulated sampling pattern re-
produces the overall coverage of the real survey. The lower mean height 
in the synthetic data is expected, as the synthetic scene focuses on the 
road space and its immediate surroundings, whereas the A45 survey 
includes additional surrounding topography. The mean roughness of 
the synthetic point cloud is higher than in the real scan, suggesting that 
the current roughness post-processing slightly overemphasizes small-
scale surface variation. Radiometrically, the mean intensity in the 
synthetic data is significantly lower than in the real scan, whereas the 
mean luminance is close to the real values, indicating that the texture 
brightness in Unreal Engine is more consistent with the real appearance 
than the resulting LiDAR intensity.

This comparison is intentionally based on an uncalibrated synthetic 
point cloud from SynthRoads and illustrates that the geometric and 
radiometric feature distributions are a direct consequence of adjustable 
parameters in the framework. Roughness can be tuned by scaling 
the roughness post-processing strength, while intensity and luminance 
follow directly from the material parameters assigned in Unreal Engine. 
Because the global mean features of the synthetic point cloud are 
aggregates over all material classes, it is therefore sensible to calibrate 
the materials of each object type individually to more closely match 
the real data. A first step towards such calibration is shown in Fig. 
11, where we introduce a software tool to qualitatively align the 
expected intensity distribution of a given material with its texture map 
or, alternatively, a fixed color and metallic/specularity combination at 
controllable incidence angles and distances. This type of statistical com-
parison provides a concrete basis for optimizing material parameters 
and roughness scaling in future iterations of the framework.

5.1. Value for Scan-to-Twin

The potential areas of application for SynthRoads are wide-ranging 
due to the versatility and number of adjustable parameters and degrees 
of freedom we allow in defining scenes, adjusting the scanner, and 
exposing output parameters, which can be used in multiple ways in 
post-processing.

In this paper, since the main goal of our workflow is to support the 
Scan-to-Twin approach, we focus our evaluation on two experimental 
domains. The first experiment domain is evaluating the performance 
gain of point cloud semantic segmentation when training on a mixed 
dataset of real and synthetic data compared to only real data. The real 
dataset we use for this experiment stems from our own surveys on 
closed German highway roads using a Riegl miniVUX 3 UAV scanner, 
which is depicted in Fig.  12.

Surveys were conducted on sections of the A1, A45, and A544, 
which are all part of the federal highway network of North Rhine-
Westphalia. We additionally captured a section of A61 with a Riegl 
VZ600i terrestrial laser scanner for a more advanced analysis of gener-
alization potential to different scan sources. The spatial extents of the 
conducted surveys range from 460 m to 2.1 km stretches of the respec-
tive highway environment. For comparison, we employ PointNeXt-B, 
a recent state-of-the-art point-based architecture that builds upon the 
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Fig. 10. Simulated scan of 600 m of automatically generated road model.
Table 2
Global comparison of geometric and radiometric statistics between real and synthetic point clouds using native intensity scales.
 Dataset Points [×106] Density [pts/m2] 𝑧mean ± 𝑧std [m] Roughnessmean 𝐼mean ± 𝐼std 𝐿mean ± 𝐿std 
 Real 56.41 134.0 24.57 ± 6.09 0.00197 0.607 ± 0.098 0.32 ± 0.21  
 Synthetic 13.71 146.3 3.02 ± 4.28 0.00320 0.154 ± 0.094 0.35 ± 0.14  
Fig. 11. Intensity calibration tool for Lambertian reflectance model.
residual design of PointNet++ while achieving higher efficiency and 
scalability. Its strong performance on large-scale benchmarks such as 
ScanNet and SemanticKITTI, combined with its robustness to varying 
point densities, makes it well suited for the evaluation of semantic seg-
mentation in highway environments. We train three models on different 
dataset compositions. The first model is trained on a real dataset only, 
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which we use as the baseline. The second model will be trained only on 
synthetic data as an indication of whether generalization towards real 
data is even possible with our synthetic point clouds. The third model is 
expected to perform best on a mixed dataset of real and synthetic data, 
as some studies have explored previously, such as [56]. The amount of 
real data is limited for model one and three to the same subsets of the 
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Fig. 12. Riegl miniVUX 3 UAV Scanner and drone used for surveys.
two surveys on A1 and A544, respectively, while A45 and A61 are used 
for testing. We use a dataset consisting of 20 synthetic point clouds of 
600- (16) and 800-meter-long (4) road stretches, which we slice into 
subscenes with 60 m × 60 m dimensions for training. The features we 
use for training are the XYZ coordinates, color values, and intensity 
for all data sources. While A1 has no RGB values available due to the 
scanning setup at the time. We use small random noise to pad these 
features. We use grid subsampling with 4 cm resolution on all scenes. 
Furthermore, we train this first experiment on a five-class annotation 
setup with the classes non-road ground, road, road markings, vegeta-
tion, and road furniture. While the definition of the major parts of the 
scene is conducted automatically with our road generation module, 
we enhanced seven of the 20 synthetic road sections with additional 
assets to increase scene diversity using our asset placement module. 
To keep the generation time as low as possible, we used Trellis [57], 
an image-to-3D model generation model, to automatically generate 
additional assets such as shield gantries, surveillance poles, different 
types of guardrails, noise barrier objects, and road construction assets 
and placed them within our road scenes. As stated before, these objects 
can be simply imported into Unreal Engine as static mesh objects and 
tagged according to the desired class each object shall be assigned 
to. While this increases the diversity of the synthetic data used for 
our experiment, it also demonstrates the versatility and another key 
feature of our framework, being flexibility, as 3D models generated 
with Trellis are even textured, which can be easily fused into an unreal 
material. The road scene and also road assets can be generated with 
diverse approaches and can be used as long as they have complex 
collision boxes (meaning standard Unreal Engine foliage objects are 
not applicable). The fact that this is even true for fully automatically 
generated 3D meshes shall emphasize the versatility of our method. The 
training configuration was fixed as follows:

• voxel size: 0.1 m
• batch size: 16
• epochs: 50
• learning rate: 0.01
• gradient clip norm: 10
• weighted loss: True
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The PointNeXt model default configuration for S3DIS benchmarking 
was used except for the initial radius, which we increased to 0.3 m.

This leads to the following two factors of interest in the first 
experiment:

1. Performance boost on same scan source data (A45)
2. Generalization towards different scan source data (A61)

The second experiment aims to evaluate the second synthetic data 
modality of geometry parameters. Specifically, we evaluate the poten-
tial of centerline regression from point clouds using deep learning. 
While both used models, which we introduced in Section 4.3, receive 
road slices that are extracted by cropping out blocks along the geospa-
tial data of the road network, they differ in their approach with regard 
to input shapes. For comparison, we use a uniform slice length of 
1 meter and fixed the input sequence length to 10 slices for the LSTM 
model. The comparison of different dataset compositions corresponds 
to the experiment for semantic segmentation. We manually extract the 
principal centerline of the main body of the highway sections from 
our real surveys as ground truth data and use the A1 and A544 point 
clouds for training the models with real data, while using 20 synthetic 
point clouds with corresponding automatically generated centerlines. 
We again test on A45 and A61. Since the slicing process requires 
approximate alignments, we use the publicly available geospatial data 
of the German ATKIS (Federal topographic cartographic information 
system) for coarsely aligning and slicing the road body while directly 
using the centerline of the synthetic data to replicate this process 
synthetically. The stretched length of the A45 segment is 850 m, and 
the stretched length of the A61 is 460 m. The input features per point 
are X, Y, Z, R, G, B, and intensity, similarly to the first experiment. 
Both models predict a single point per point cloud slice. We report the 
results using the mean absolute error (MAE) and the mean chamfer 
distance between third-degree polynomials fit to the ground truth and 
the predicted centerlines. To recall, the models developed for this 
comparison are meant to show the impact of our synthetic data on 
the task on different network approaches, not to identify the best-
suited approach for centerline regression. Therefore, we do not claim 
the architectures developed for this experiment to be particularly well 
suited for the task, as developing a state-of-the-art centerline regression 
model is out of scope for this work.
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Table 3
Model performance on A45 and A61 for the performance boosting use case (precision/recall in %).
 Model Dataset Per-class precision/recall [%]
 N.R.Gr. Road Road M. Veg. Road Fur.  
 UAV laser scanning data A45
 Mod. 1 Real 97 (1.3)/5 (2.0) 77 (5.3)/55 (31.7) 73 (20.2)/41 (31.3) 70 (13.5)/95 (2.3) 7 (5.9)/76 (16.6)  
 Mod. 2 Synth. 75 (5.8)/25 (8.7) 82 (6.2)/97 (2.5) 32 (12.4)/63 (25.3) 95 (2.0)/81 (9.6) 6 (2.8)/65 (26.0)  
 Mod. 3 Mixed 90 (3.5)/19 (10.4) 76 (1.8)/100 (0.7) 80 (18.5)/10 (8.4) 87 (1.3)/95 (0.8) 14 (2.7)/86 (1.7)  
 TLS data A61
 Mod. 1 Real 90 (5.2)/2 (2.0) 71 (1.3)/100 (0.0) 99 (0.4)/61 (2.5) 88 (3.2)/92 (4.2) 44 (11.7)/78 (5.3) 
 Mod. 2 Synth. 80 (9.0)/23 (6.8) 74 (0.9)/100 (0.1) 83 (9.2)/57 (15.4) 92 (1.7)/93 (2.5) 50 (7.9)/80 (8.5)  
 Mod. 3 Mixed 88 (3.5)/9 (3.7) 73 (0.4)/100 (0.2) 98 (0.6)/63 (7.4) 88 (0.9)/95 (1.9) 52 (3.9)/83 (3.4)  
Table 4
Model performance on A45 and A61 for the performance boosting use case (intersection over union, IoU, in %).
 Model Dataset Per-class IoU [%] (mean (std))
 N.R.Gr. Road Road M. Veg. Road Fur.  
 UAV laser scanning data A45
 Mod. 1 Real 5.40 (2.06) 46.93 (25.66) 26.85 (16.59) 67.18 (11.79) 6.66 (5.18)  
 Mod. 2 Synth. 22.78 (6.93) 79.58 (3.96) 24.88 (9.54) 77.53 (7.92) 6.22 (2.78)  
 Mod. 3 Mixed 18.94 (10.10) 75.45 (1.54) 10.33 (8.29) 82.95 (0.84) 12.27 (2.58) 
 TLS data A61
 Mod. 1 Real 1.92 (2.02) 70.97 (1.26) 60.28 (2.47) 81.27 (1.01) 38.45 (9.44) 
 Mod. 2 Synth. 21.39 (5.76) 73.63 (0.87) 50.09 (12.23) 86.21 (1.07) 43.46 (4.96) 
 Mod. 3 Mixed 8.50 (3.60) 73.26 (0.41) 62.16 (7.18) 84.24 (1.96) 46.77 (3.25) 
6. Results

In this section, we present the results of our experiments in the 
domains of point cloud semantic segmentation and geometry extraction 
detailed in Section 5. Tables  3 and 4 depict the results of experiment 
one on semantic segmentation. Table  5 depicts the result of the second 
experiment in the semantic segmentation domain, and Table  6 depicts 
the results of the experiment on centerline regression. As stated in 
Section 4.4, we repeated training and inference for all models five 
times and report the mean of the performance metrics and the standard 
deviations for each metric in brackets in the following evaluation tables 
to analyze model stability.

6.1. Synthetic data for semantic segmentation

The results indicate that the synthetic data is capable of providing 
enough context and characteristic patterns to the PointNeXt model 
that it is capable of surpassing the small real dataset’s performance 
by only ever seeing synthetic data. When predicting TLS data, Model 
2, trained on the synthetic dataset, shows good generalization and 
superior stability, especially compared to Model 1, which has the 
worst performance of the three models. The reason for this is likely 
the number of diverse scenes provided to Model 2 by the synthetic 
data. Model 3 shows a general reduction in model instability through 
generally low standard deviations compared to the other models except 
for the non-road ground class. It also shows the best performance for 
vegetation and road furniture objects, as their shapes supposedly match 
best between real and synthetic data. Comparing the performance of 
road marking segmentation over all three models shows that mixing 
the data leads to a decreased capability to extract this class. The reason 
for this is likely as follows: While the qualitative intensity distributions 
between classes are relatively well reflected by the synthetic data, it 
has a certain bias, potentially leading to a domain shift, confusing the 
model when mixing the different data. This is less of an issue when 
the target data source is different from both data sources used for 
training, as can be seen in the performance of Model 3 on the terrestrial 
data, where the road markings are relatively unaffected by the data 
source. The model comparisons on the terrestrial data show that Model 
3 outperforms Model 1 over all classes with regard to IoU, while only 
slightly adding instability, as can be seen in the road markings class.
13 
The results from the first experiment led to additional considera-
tions of the potential use of the synthetic data in a scenario with a 
larger diversity of classes. Since the classes of the synthetic scans can 
be easily extended by adding new tags for specific assets, we extended 
the dataset to a total of 17 classes, defined as follows: Ground, road, 
road markings, vegetation, guardrail, barrier, road sign, poles, traffic 
light, construction barriers, noise barrier, shield gantry, utility, vehicle, 
warning post, roadside, and bridge. Especially in road environments, 
a typical issue is the strong class imbalance in real datasets: relevant 
assets may only appear a few times, even in surveys covering several 
kilometers. We therefore extended the evaluation to test the potential 
of targeted class mix-in through our synthetic data. For this test, 
we chose the shield gantry class, since it is present in multiple real 
surveys but difficult to extract when training only on the real dataset. 
We generated six basic road sections and added shield gantries in 
different configurations, e.g., one-sided gantries, double-sided gantries, 
and shaded gantries, and trained four models on the extended-class 
setup. Model 4 is trained on all available real data from A544 and 
A45 only. For Models 5, 6, and 7, we add the point clouds of the six 
new synthetic scenes to the training set. Models 5 and 6 use a single 
training phase on the mixed dataset, whereas Model 7 follows a two-
stage pretraining–finetuning scheme. It is first trained on the synthetic 
scenes only and then fine-tuned on the real data for 30 epochs. This 
allows us to explicitly evaluate the model-level domain adaptation 
potential of synthetic pretraining. We swap the evaluation set from 
the A45 to the A1 highway section, since it is a survey with multiple 
shield gantries, which makes our evaluation more robust. And test the 
effect of intensity quantile mapping (qm) against the same setup with 
no quantile mapping (nqm) on the model performance.

The results are summarized in Table  5. Since the validation dataset 
only comprises nine of the 17 classes, we only report IoUs and standard 
deviations for these classes. To analyze the reduction of the domain 
shift, we introduce adaptation both at the data and at the model level. 
On the data side, Model 5 applies intensity quantile mapping between 
the A544 section and the synthetic scenes to make the synthetic in-
tensities more similar to the real ones. This preprocessing targets the 
pronounced domain gap in intensity statistics between synthetic and 
real point clouds, which is also commonly observed between different 
real laser scanning systems. Although quantile mapping may reduce 
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Table 5
Model performance on A1 (class mix-in use case), intersection over union (IoU).
 Model Data Per-class IoU [%] (mean (std))
 N.R.Gr. Road Road M. Veg. Guardr.  
 Mod. 4 Real 55.16 (1.67) 83.21 (1.90) 83.87 (2.95) 84.34 (3.16) 72.42 (5.92) 
 Mod. 5 Mixed (qm) 51.81 (3.52) 84.96 (0.76) 87.84 (0.47) 80.36 (1.24) 59.19 (6.81) 
 Mod. 6 Mixed (nqm) 54.52 (5.24) 78.39 (2.01) 0.00 (0.00) 83.27 (1.39) 80.97 (3.40) 
 Mod. 7 Mixed (qm + Pre/Fine) 53.27 (3.52) 86.08 (0.55) 86.98 (1.56) 82.63 (2.88) 73.42 (5.31) 
 Val. sup. Num. pts 3.93 M 2.77 M 125 k 5.99 M 109 k  
 Model Data Additional classes (IoU [%] (mean (std)))  
 Warn. P. Noise B. Sh. Gant. Veh.  
 Mod. 4 Real 20.78 (5.19) 12.32 (5.94) 0.00 (0.00) 78.75 (17.87)  
 Mod. 5 Mixed (qm) 26.94 (3.75) 8.82 (6.46) 36.32 (16.29) 94.29 (2.48)  
 Mod. 6 Mixed (nqm) 21.78 (5.45) 20.95 (14.14) 45.42 (7.92) 63.23 (10.64)  
 Mod. 7 Mixed (qm + Pre/Fine) 18.86 (4.99) 7.71 (4.52) 0.00 (0.00) 85.26 (13.91)  
 Val. sup. Num. pts 2.06 k 151 k 22.7 k 12.8 k  
Table 6
Centerline regression performance on A45 and A61 (mean (std) in meters).
 Model Dataset Metrics [m] (mean (std))
 MAE Chamfer dist. (fit) 
 UAV-laser scanning data A45
 Single section model (1) Real 0.3293 (0.0003) 0.1529 (0.0077)  
 Sequence model (4) Real 0.2572 (0.0406) 0.1497 (0.0553)  
 Single section model (2) Synthetic 0.3201 (0.0132) 0.1400 (0.0121)  
 Sequence model (5) Synthetic 0.2559 (0.0322) 0.1065 (0.0309)  
 Single section model (3) Mixed 0.3202 (0.0052) 0.1516 (0.0051)  
 Sequence model (6) Mixed 0.2112 (0.0219) 0.1463 (0.0264)  
 TLS data A61
 Single section model (1) Real 0.4903 (0.0216) 1.0288 (0.0363)  
 Sequence model (4) Real 0.3423 (0.0496) 0.7796 (0.2038)  
 Single section model (2) Synthetic 0.4085 (0.0268) 1.0090 (0.0664)  
 Sequence model (5) Synthetic 0.3287 (0.0567) 0.7588 (0.3975)  
 Single section model (3) Mixed 0.4109 (0.0187) 1.0198 (0.0873)  
 Sequence model (6) Mixed 0.3199 (0.0883) 0.6563 (0.2416)  
some information contained in the synthetic intensity values, it substan-
tially improves performance for road markings, vehicles, warning posts, 
and the road surface, while slightly degrading results for ground, vege-
tation, guardrails, noise barriers, and the shield gantry class compared 
to the real-only baseline.

We report per-class IoUs for the real-data baseline (Model 4), the 
two single-stage mixed models with (Model 5, ‘‘qm’’) and without 
(Model 6, ‘‘nqm’’) quantile mapping, and the two-stage pretraining–
finetuning model (Model 7), which first trains on synthetic data and 
is then finetuned on real data. The mixed models clearly demonstrate 
the potential for targeted performance boosting with our synthetic data: 
both mixed variants lead to high performance on the shield gantry class, 
despite it being a minority class with less than 0.4% of the points of 
the majority class vegetation in the validation set. While the model 
trained on real data is not capable of detecting shield gantries at all, 
we receive relatively high IoUs in Model 5 and 6. In addition, the 
other minority classes warning post and vehicle receive a substantial 
performance boost when quantile mapping is applied.

Comparing the single-stage mixed setups (Models 5 and 6) with the 
pretraining–finetuning scheme (Model 7) provides an explicit model-
level domain adaptation baseline. Model 7 acts as a more conservative 
adaptation towards the real-data distribution: it slightly improves dom-
inant classes such as road and guardrail over the real-only baseline and 
remains close to the best mixed model for road markings, but it fails 
to preserve the synthetic-data gains for very rare classes such as shield 
gantries and warning posts, where IoUs drop back to near-zero levels. 
This behavior indicates that naive fine-tuning on highly imbalanced 
real data can lead to partial forgetting of structures that are mainly 
introduced by the synthetic data, whereas single-stage mixed training 
with synthetic data is more effective when the goal is to boost specific 
minority asset classes. Examples of the targeted asset models within 
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Unreal Engine and the corresponding synthetic point cloud data are 
provided in the supplementary material (Pages 1–7, Figs. 2–8).

6.2. Synthetic data for centerline regression

The results of the centerline regression in Table  6 demonstrate a 
significant performance enhancement of the sequence model on the 
mixed dataset over the real data with a reduction in MAE on the A45 by 
almost 18% and 6.5% on the terrestrial data of A61. Interestingly, the 
models trained on the synthetic data still match the models trained on 
real data, even though the underlying roads had one standard layout, 
which did not include any lane transitions or turnouts, as is the case 
for A1 and A45. While the single-section model generally lacked the 
ability to surpass the performance boundary of 32 cm MAE on A45, 
the sequence model consistently outperformed the single-section model 
with any of the dataset compositions. Interestingly, the sequence model 
gained stability with more data on A45, which is indicated by the 
declining standard deviations of both metrics from the real to the 
synthetic and from the synthetic to the mixed dataset. The closest 
matches of fitted polynomials are generated on prediction of models 
trained on the synthetic data, which may be due to both models being 
influenced by the regularity of the synthetic data and reducing strong 
outliers in their predictions. The performance on A61 is overall weaker 
than on A45, reflecting a domain gap between UAV laser scanning 
and TLS. Generally, TLS exhibits steeper incidence angles and sparser 
coverage near scene boundaries, which increases extrapolation and 
fitting errors. However, the training of the sequence model on the 
mixed dataset closes part of this gap and delivers the best overall results 
on A61.

This experiment clearly demonstrates that we are able to improve 
the performance of centerline regression models with our synthetic 
data.
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To contextualize the proposed end-to-end centerline regression, we 
evaluate it against a conventional extraction baseline that reflects 
common practice in road-centerline pipelines. Following the idea of 
skeletonization-based methods such as [58], we use the trained Point-
NeXt model (Mod. 3) from the previous experiment to classify road 
points on A45, rasterize the resulting road mask, and apply binary 
skeletonization to extract a candidate centerline.

To contextualize the proposed end-to-end centerline regression, we 
evaluate it against a conventional extraction baseline that reflects com-
mon practice in road-centerline pipelines, i.e., semantic road segmenta-
tion followed by rasterization and skeletonization [58]. Concretely, we 
(i) classify road points using the PointNeXt model from Experiment 1 
(Mod. 3), (ii) rasterize the predicted road mask, (iii) apply binary 
skeletonization, (iv) prune short branches, and (v) derive a corridor 
centerline by projecting skeleton vertices onto the principal corridor 
axis and averaging their lateral position per longitudinal bin. We report 
the same metrics as for learning-based regression (MAE and curve-level 
Chamfer distance).

The baseline has two key hyperparameters, the raster resolution 𝑟
and the minimum branch length 𝐿𝑚𝑖𝑛. To provide a best-case reference, 
we select 𝑟 and 𝐿𝑚𝑖𝑛 via grid search to minimize MAE to the ground-
truth centerline on A45, resulting in 𝑟 = 1 m and 𝐿𝑚𝑖𝑛 = 15 m. We then 
keep these parameters fixed when transferring the baseline to A61.

With this configuration, the skeletonization baseline achieves an 
MAE of 1.44 m and a Chamfer distance of 1.43 m on A45, whereas 
our regression model (Sequence Model (6)) achieves 0.211 m MAE and 
0.1463 m Chamfer distance (Table  6). On A61, the baseline achieves 
1.47 m MAE but degrades strongly in Chamfer distance (6.27 m) due to 
missing skeleton segments caused by sparse corridor edges. This high-
lights a known sensitivity of rasterization-based pipelines to incomplete 
coverage. To isolate the effect of edge sparsity, we additionally evaluate 
the baseline after manually excluding sparse boundary regions. In this 
controlled setting, the baseline improves to 0.714 m MAE and 322 m 
Chamfer Distance yet underperforms the centerline regression model 
with MAE of 0.380 m and Chamfer Distance of 0.227 m.

Overall, this benchmark indicates that direct centerline regression 
is competitive with skeletonization-based pipelines as commonly used 
in recent work while being more flexible and less sensitive to sparsity 
at the corridor edges. Even when performance degrades under severe 
sparsity, the regression approach maintains relatively stable accuracy. 
Visual examples of the lower edge of A45 and the cropped A61 corridor, 
showing ground truth, skeletonization-based, and learned centerlines, 
are presented in Fig.  13.

7. Conclusion

Our SynthRoads framework allows the automatic generation of 
realistic synthetic point clouds of highway scenes. The conducted ex-
periments demonstrate that leveraging the synthetic data improves 
centerline regression and point cloud semantic segmentation tasks, 
which are essential for Scan-to-Twin (RQ1). The modular structure 
of model definition, model generation, and scanning is fast, highly 
versatile, and easily customizable. The features of our scan simulation 
allow the generation of realistic synthetic point clouds with a high 
degree of diversity. As shown in Section 5, the generation of a 600m 
long highway segment with a 3D model, geometry parameters, and 
a synthetic point cloud takes approximately 12 min, which answers 
research question RQ2. Lastly, we showed that the synthetic data 
can be used for multiple tasks of the Scan-to-Twin process with our 
experiments, which answers research question RQ3.

Besides the advantages of our framework, there are also challenges 
and limitations, especially with regard to domain shifts in the derived 
point features such as intensity and material-related parameters. An-
other challenge, which already became apparent in the experiments, 
concerns the domain gap between synthetic and real data in several 
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scan-related aspects. Even after material calibration, the intensity val-
ues differ in their distribution for comparable scenes. This issue, how-
ever, also exists between different real scanners and can be partially 
overcome with various methods of domain adaptation. We demon-
strated that intensity quantile mapping is an effective and straightfor-
ward way of partially reducing the intensity domain shift, leading to 
better generalization of semantic segmentation of road markings, while 
slightly reducing performance on a few other classes.

A further limitation concerns the direct applicability of our scan 
simulation to other infrastructure domains such as tunnels or bridges, 
since the current scanning platform and the generation of the standard 
scanning trajectory are focused on UAV-based scanning. A future re-
search perspective will be to implement additional platforms for scan 
simulation to also allow direct use for other domains where UAV-based 
platforms are infeasible. This is also true for the model generation part: 
as we currently focus on roads with relatively simple scenarios, more 
complex models may further increase the value of our synthetic data 
generation framework. While Unreal Engine allows the integration of 
dynamic objects, and we demonstrated a possible approach to incor-
porate moving vehicles on the road, this currently requires additional 
effort and is not yet implemented in the automatic process, which will, 
however, be pursued in future work.

Lastly, a challenge is closing the loop between scans and models by 
providing a schema or interface that can define both model configu-
rations and scan-related extractions. Such an interface would enable 
the automatic generation of diverse GSMs for different Digital Twin 
use cases from one set of extractions resulting from the Scan-to-Twin 
process. In this work, we showed the inverse process, where we first 
defined a model that is then synthetically converted into a scan.

The simplified Lambertian reflectance model tends to yield unreal-
istic results for small incidence angles, leading to comparatively low 
intensities and neglecting microfacet backscattering and other effects 
that are better captured by the Oren-Nayar model. We therefore allow 
configuration of both reflectance models in our framework to simplify 
the adaptation of our scan simulation to other use cases. As our main 
use case, however, is UAV laser scanning of road surfaces with mostly 
near-orthogonal incidences, we used the Lambertian model for our 
analyses, for which its reflectance behavior is sufficient.

Since we already showed the value for the Scan-to-Twin enhance-
ment use case, the potential of the presented framework goes far 
beyond the demonstrated applications, as the modularity allows the 
generation of synthetic point clouds of diverse scenes and could there-
fore be used for different domains by exchanging specific components 
such as the modeling module and extending the scan simulation with 
new platform configurations. The workflow can also be used to provide 
data for other tasks, such as high-resolution change detection or mate-
rial estimation. To allow fellow scholars to leverage our work for new 
research, we will provide the virtual laser scanner module as an open-
source Unreal Engine plugin upon publication of this paper, together 
with the synthetic dataset used in this work. It comprises a total of 26 
highway sections, with 20 annotated using the five-class schema from 
Experiment 1 and six using the 17-class schema from Experiment 2. 
Furthermore, the point cloud data are accompanied by the centerlines 
of each point cloud upon request.

In this work, we deliberately focused on extreme cases (real-only, 
synthetic-only, and a fixed mixed setting) to evaluate the fundamental 
potential of our synthetic data, while future research on more differ-
entiated fusion ratios of real and synthetic data and on the impact of 
annotation consistency could provide further insight into the optimal 
data composition for performance enhancements. Another important 
future research topic building on this framework will be end-to-end 
point-cloud-to-model prediction, where we will extend the approach 
used for centerline regression to more parameters, with the goal of 
directly predicting the full road corridor of a real scan. A further 
perspective is using the synthetic data to calibrate single-task models 
throughout the Scan-to-Twin process to allow better estimates of model 
uncertainty for both semantic and geometric tasks.
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Fig. 13. Comparison of learned centerline prediction and a skeletonization-based rasterization approach.
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