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Abstract

Recent European railway initiatives such as Shift2Rail emphasise sustainability, ca-
pacity increase, and cost efficiency through automation and digitalisation. In this con-
text, Automatic Train Operation increasingly relies on robust environment perception
for safe on-sight operation, where LiDAR sensors provide accurate geometric infor-
mation for obstacle detection and infrastructure monitoring.

Driven by advances in automotive and robotics research, many LiDAR simulation
approaches focus either on high physical fidelity at significant computational cost or
on offline dataset generation, limiting their suitability for real-time closed-loop vali-
dation. For railway-oriented Automatic Train Operation testing, however, a light-
weight, engine-native, and reproducible real-time simulation is required.

This paper presents a CPU-based LiDAR simulation implemented natively in Unreal
Engine 5. The approach combines engine-native ray casting, JSON-configurable pa-
rameters, and UDP-based point cloud streaming with a pragmatic plausibility model.
Instead of reproducing full physical sensor behaviour, selected effects such as distance
attenuation, material-based reflectivity proxies, incidence-angle weighting, and meas-
urement noise are incorporated to generate perception-relevant point cloud character-
istics under real-time constraints. The simulation enables reproducible and configura-
ble LiDAR perception for on-sight Automatic Train Operation validation and is re-
leased as part of the open-source Vir2Rail environment, which provides railway-spe-
cific assets and scenarios.

Keywords: automatic train operation, on-sight train operation, LiDAR simulation,
Unreal Engine, real-time simulation, virtual validation
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1 Introduction

Recent European railway research and innovation programmes such as Shift2Rail and
Europe’s Rail emphasise digitalisation and automation as key enablers for increasing
capacity, improving efficiency, and supporting a more sustainable railway system. [1],
[2]

In this context, Automatic Train Operation (ATO) has become a central develop-
ment direction and can be introduced incrementally across different Grades of Auto-
mation (GoA). Higher levels of automation, such as GoA4, are already deployed in
controlled environments, but extending ATO to open railway systems introduces sig-
nificantly higher operational complexity.[3], [4]

Open railway systems introduce higher scenario diversity, stronger infrastructure
interaction, and safety-critical degraded modes under uncertainty. Consequently,
safety assurance and verification for on-sight operation scenarios increasingly depend
on reliable environment perception. [2]

This paper focuses on on-sight operation as a key operational principle for ATO
development. On-sight operation is commonly defined as a mode in which movement
authority and speed are constrained to enable safe driving based on direct observation
of the track ahead (“line-of-sight”), typically under low-speed conditions and requir-
ing reactions to obstacles [3], [5]. In conventional on-sight operations (GoAO0), these
decisions are made by human operators. In on-sight ATO, the same operational prin-
ciple is retained, but the decision-making and reaction capability, including the detec-
tion of relevant objects and infrastructure conditions, the assessment of clearance and
stopping distance, and the execution of appropriate speed and braking commands, is
performed by an automated system [6]. This shifts the functional burden from human
perception and judgement to machine perception and safety-relevant decision logic,
which fundamentally increases the relevance of sensor-centric verification and vali-
dation and the need for traceable evidence across the lifecycle [7].

Given these characteristics, virtual simulation is an essential tool for the verifica-
tion and validation of perception-relevant ATO functions. It enables systematic sce-
nario variation, repeatability, and early closed-loop testing before costly field cam-
paigns are required, reducing development risk while increasing coverage of safety-
critical scenarios [8], [9]. Simulation-based testing thus complements established rail-
way lifecycle processes and supports the generation of traceable evidence for safety-
oriented development and approval workflows [7].

Among available perception modalities, LIDAR sensors are well suited for on-
sight railway applications as they provide accurate geometric information for obstacle
detection, clearance monitoring, and infrastructure perception [10]. Consequently, re-
alistic and configurable LiDAR simulation is a key enabler for the virtual testing of
perception-driven ATO functions in on-sight operation.

In parallel to these developments, applied research projects address the transition
of automated railway vehicles towards series maturity. One example is the VAL
(Vollautomatische Abdriicklokomotive) project, which targets the automation of low-
speed on-sight shunting operations in marshalling yards, where decisions are tradi-
tionally based on direct environment perception from the vehicle [11]. Within VAL,
simulation-based testing is essential to evaluate perception-driven components prior



to large-scale field trials, requiring representative virtual sensor data to assess system
behaviour across relevant scenarios under limited safety margins. At the start of de-
velopment in early 2022, commercially available automotive simulation solutions
were assessed but found insufficient for railway-specific requirements, particularly
regarding real-time closed-loop integration, configurability, and railway assets. Con-
sequently, a custom simulation environment was developed for flexible and reproduc-
ible testing, with the LIDAR module presented here forming a core, reusable, engine-
native component.

2 State of the Art and Requirements of LiDAR Simulation

LiDAR simulation approaches span a spectrum from physically detailed radiometric
models to dataset-oriented offline frameworks and real-time engine-based implemen-
tations. While these approaches address different objectives, their suitability depends
on the application context.

For on-sight ATO, LiDAR simulation must operate within a closed-loop validation
environment, where perception, decision logic, and vehicle motion interact in real
time. Consequently, the key evaluation criteria are not maximum physical fidelity
alone, but the balance between geometric plausibility, computational tractability, in-
tegration effort, and reproducibility.

Recent comparative work structures LiDAR simulation approaches according to
realism—performance trade-offs and the sensing phenomena they model, such as ray
dropout, multi-echo, motion distortion, and reflectivity effects [12].

This categorisation provides a useful lens for assessing relevant modelling effects
under closed-loop railway ATO constraints.

2.1 Physically Motivated and Radiometric Models

Physically motivated LIDAR models approximate the sensing process at a high level
of fidelity by modelling emission characteristics, surface interaction, material-de-
pendent reflectance, atmospheric attenuation, and potentially multi-return phenom-
ena. In automotive-oriented literature, such approaches incorporate material proper-
ties and sensor capability limits to produce more realistic return behaviour and inten-
sity-related effects[13]. These models are particularly valuable for sensor characteri-
sation, calibrated intensity modelling, and detailed studies of how material and envi-
ronmental conditions affect returns.

From the perspective of on-sight ATO validation, however, these approaches are
challenging to deploy in real-time closed-loop systems. Computational complexity
increases with beam count and scene detail when radiometric interactions are evalu-
ated per ray, limiting scalability under deterministic runtime constraints. Moreover,
for geometry-driven railway perception tasks such as obstacle detection, clearance
monitoring, and coarse infrastructure localisation, the benefit of full radiometric fi-
delity is often limited compared to its computational cost.

2.2 Dataset-driven and Offline Generation Frameworks

In contrast to physically motivated approaches, a second class of LIDAR simulation
methods focuses on synthetic dataset generation for training and benchmarking



perception algorithms. In these frameworks, sensor data are generated offline and ex-
ported as labelled point clouds for downstream processing. In the railway domain,
TrainSim provides a simulation framework for sensor dataset generation in trackside
environments, enabling systematic scenario variation and evaluation. [14]

The main strength of dataset-driven approaches lies in their scalability and control-
lability during data generation. Large scenario variations can be produced systemati-
cally, and precise ground truth annotations can be attached to each frame, making such
frameworks suitable for supervised learning workflows and benchmarking studies.

However, offline generation inherently decouples sensor simulation from vehicle
control. The interaction between perception output and subsequent control decisions
is not represented during data production. For on-sight ATO validation, where braking
behaviour, obstacle response, and motion dynamics depend on real-time perception
feedback, this separation limits applicability. In addition, systematic variation of sen-
sor parameters typically requires regeneration of datasets, which reduces iteration
speed in engineering-oriented development cycles.

2.3 Engine-based Real-time Simulation Approaches

To address these limitations in closed-loop validation, real-time engine-based ap-
proaches aim to generate LiDAR point clouds interactively within modern simulation
engines, balancing geometric realism and computational efficiency. Game engines
provide mature tooling for scenario authoring, environment variation, and the integra-
tion of vehicle dynamics and control systems, making them attractive platforms for
closed-loop autonomy testing. In the automotive domain, CARLA demonstrates con-
figurable sensor suites and scenario-based evaluation within an Unreal Engine (UE)
environment [15]. Similarly, AirSim provides a UE-based platform for autonomous
systems research, including configurable LiDAR sensors and integration with external
middleware such as ROS, illustrating the feasibility of real-time sensor simulation
within interactive validation environments [16]. In railway research, UE-based envi-
ronments have been employed to support digital-twin concepts and scenario-driven
ATO validation [17], [18].

Within this class of solutions, LIDAR implementations differ substantially along
several design axes. A primary distinction concerns the sensing abstraction: some im-
plementations are geometry-first and rely mainly on ray casting or depth sampling,
optionally augmented with lightweight noise models. Others attempt to integrate ad-
ditional sensor effects such as intensity proxies, probabilistic dropout, motion distor-
tion, or multi-echo behaviour. Comparative studies indicate that not all modelling ef-
fects contribute equally to downstream autonomy performance, and that selective in-
clusion of high-impact phenomena may offer a favourable realism—performance
trade-off under real-time constraints [12].

For on-sight ATO engineering workflows, further practical considerations become
decisive. Closed-loop validation requires deterministic update rates and predictable
latency. Implementations relying on GPU-heavy pipelines, custom engine forks, or
complex plugin ecosystems may introduce integration overhead, hardware dependen-
cies, or reduced reproducibility across development environments. In safety-oriented
validation contexts, controllable abstraction, deterministic behaviour, and ease of in-
tegration often take precedence over maximum visual or radiometric fidelity. While
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these approaches demonstrate the feasibility of real-time LiDAR simulation, their di-
rect integration into existing ATO simulation environments is often limited. LIDAR
simulation inherently requires tight coupling with scene representation, collision han-
dling, and material properties to capture the interaction between sensor and environ-
ment. This coupling can conflict with existing system architectures and sensor imple-
mentations, making reuse and transfer between projects non-trivial, including in rail-
way applications where existing solutions are not designed for tightly coupled inte-
gration within ATO validation frameworks.

2.4 Derived Requirements for an ATO-Oriented LiDAR Simulator

In on-sight ATO, perception outputs directly influence low-speed braking decisions
and clearance assessment under constrained safety margins. Consequently, predicta-
ble runtime behaviour and reproducibility are essential for systematic verification and
validation, shifting the design focus from maximising physical realism towards con-
trolled abstraction levels suitable for geometry-driven perception tasks in closed-loop
validation.

Based on the preceding discussion, LiDAR simulation approaches can be charac-
terised by their level of sensing abstraction and computational complexity. These ab-
straction levels describe how geometric information and additional sensing effects are
represented and processed within a simulation environment.

For on-sight ATO validation, the key question is not which platform is used, but
which abstraction level provides sufficient geometric plausibility under real-time
closed-loop constraints. Existing approaches indicate that geometry-first implemen-
tations augmented with selected modelling effects provide a favourable balance be-
tween realism and computational tractability for railway-specific validation.

From this synthesis, the following technical requirements for an ATO-oriented Li-
DAR simulator are derived:

R1 Real-time execution at representative update rates: Sustaining typical LiDAR
update rates and point throughput under representative railway scene complexity for
stable closed-loop testing.

R2 Engine-native integration without modification: Deployment as a native Unreal
Engine module or actor without engine forks or external plugins, ensuring portability
and low integration overhead.

R3 Configurable scan geometry and sensor abstraction: External configuration of
scan pattern, angular resolution, maximum range, coordinate alignment, and update
rate for systematic parameter studies.

R4 Targeted plausibility effects with favourable realism—cost trade-off: Imple-
mentation of selected modelling effects (e.g., distance attenuation, incidence-angle
weighting, material reflectivity) to balance realism and computational cost.

RS Reproducibility and controllable stochasticity: External control of configura-
tion parameters and stochastic components (e.g., noise, dropout)

R6 Lightweight and toolchain-agnostic data interfaces: Low-latency point cloud
output (e.g., UDP streaming) for integration with external perception and evaluation
systems.

These requirements define the architectural and modelling principles guiding the im-
plementation described in Section 3.2



3  Unreal Engine-Based LiDAR Simulation Implementation

Within the VAL project [11], perception-driven ATO components are evaluated under
controlled simulation conditions prior to large-scale field testing. The LiDAR simu-
lator presented in this paper forms a core sensing component within this validation
workflow. To facilitate reproducible experimentation and to lower the entry barrier
for railway-oriented ATO simulation research, a deliberately reduced and self-con-
tained subset of the development environment is provided as an Unreal Engine 5
(UES5)-based open-source project named Vir2Rail [19]. The released project repre-
sents a technically consistent extraction of the sensor simulation and its immediate
runtime context, while project-specific integration components and advanced valida-
tion tooling developed within VAL are intentionally excluded.

Vir2Rail is distributed as a complete in-editor UES setup. It provides parametrised
vehicle motion with configurable velocity profiles, railway infrastructure, and real-
time streaming of LIDAR and camera data. The environment itself does not imple-
ment a control loop; instead, it serves as a deterministic sensor data generator that can
be connected to external perception and control systems if required.

3.1 Vir2Rail: Open-Source Unreal Engine Railway Simulation Environment

Vir2Rail is released as a complete in-editor UES project and does not rely on third-
party plugins or proprietary middleware components. This deliberate design decision
ensures portability, full source-level transparency, and unrestricted extensibility. By
distributing the project in editor form, users obtain direct access to all C++ classes,
configuration files, and assets, enabling individual adaptations, performance optimi-
sations, and integration into custom research toolchains without requiring engine
modifications. The environment is structured around two central actor classes, Demo-
Track and DemoVehicle, which together define the spatial and kinematic context of
the simulation. Figure 1 provides an overview of the environment and assets.

Figure 1: Vir2Rail Overview and Railway Assets

The DemoTrack class encapsulates spline-based track generation and associated
catenary infrastructure. Track curvature, alignment, and length can be configured
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directly within the editor, while masts and catenary elements are positioned paramet-
rically along the spline. This enables controlled variation of scene complexity and
infrastructure density without manual geometry editing. The DemoVehicle actor rep-
resents the moving platform on which sensor modules are instantiated. Vehicle motion
is defined kinematically by an editor-configurable velocity and start position along
the spline. During runtime, the vehicle traverses the track deterministically while at-
tached sensor actors generate data streams. No internal control logic is implemented;
the vehicle serves as a reproducible motion carrier for perception experiments.

Figure 2: Vir2Rail Railway Assets

To support perception-oriented test scenarios, rolling stock assets are included, as
illustrated in Figure 2. These allow structured generation of approach, clearance, and
coupling scenarios relevant to shunting and low-speed operations. Object placement
is handled by the helper class DemoObjects, positioning wagons or obstacles at de-
fined spline coordinates, ensuring reproducible configurations and systematic sce-
nario variation without manual repositioning.
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Figure 3: Vir2Rail Ego-Vehicle View

Figure 3 shows the in-vehicle perspective together with the corresponding camera
simulation output, which is obtained from UES5’s native rendering pipeline and trans-
mitted without additional modelling.

An overarching weather system allows environmental parameters such as rain, fog,
snow, and solar position to be adjusted. In addition, the helper class RandomWeather
generates randomized sunny, foggy and rainy or snowy weather configurations for
scenario variation, if needed. All major subsystems are configured via external JSON
files (Weather.json, Interfaces.json, Camera.json, Lidar.json), supporting reproduci-
bility and controlled parameter studies. The structure and functionality of the LIDAR
configuration are described in the following section.
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3.2 Modular LiDAR Simulation Architecture

The LiDAR simulator follows a modular processing architecture that separates an in-
itialisation phase from the repeated runtime sensing loop, as illustrated in Figure 4.
To analyse architectural trade-offs between computational performance, data handling
overhead, and modelling fidelity under identical scan geometry and scene conditions,
the simulator was implemented as a sequence of four modules with increasing archi-
tectural complexity.

The simulator employs CPU-based ray casting using UE5’s native line tracing fa-
cilities rather than GPU-based rendering approaches. While GPU-based LiDAR sim-
ulation can provide high throughput through shader-based rendering pipelines, inte-
grating such approaches with scene collision information, material properties, and as-
set-level metadata often increases implementation complexity and limits portability
across projects. In contrast, UES5’s native collision queries provide direct access to hit
events, surface normals, and physical materials associated with scene geometry. This
enables straightforward integration of material-dependent reflection proxies and en-
vironment-aware sensing effects without requiring custom rendering pipelines, while
maintaining portability across different simulation setups.
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Figure 4: LiDAR Module Architecture

Across all modules, the simulator follows the same fundamental sensing principle.
A configurable scan pattern is generated from externally defined sensor parameters,
including field of view, angular resolution, maximum range, and update frequency,
which are loaded from an external JSON configuration during initialisation. Beam
directions are precomputed once and reused during runtime to minimise computa-
tional overhead. During operation, periodic scan cycles are executed via the UES tick
mechanism, depending on the pre-set target frequency, where each beam is evaluated
using the engine’s collision system to obtain the first blocking intersection with the
scene geometry. The resulting hit event provides the impact position, surface normal,
and associated physical material, forming the basis for subsequent sensor modelling
and also contains additional information that could be used for further model enhance-
ment. The four modules implement successive extensions of this sensing pipeline in
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order to isolate architectural and modelling effects. Starting from a single-threaded
geometric baseline (Module 1), the simulator introduces multithreaded beam pro-
cessing, using the ParallelFor function (Module 2) and optimised serialisation (Mod-
ule 3), allowing the impact of computation and data handling to be evaluated inde-
pendently. This incremental design enables a controlled analysis of performance im-
provements, which is presented in Section 4.

After the architectural optimisation stages introduced by Modules 1-3, Module 4 ex-
tends the sensing pipeline with a lightweight plausibility model to increase the realism
of the simulated point cloud while preserving real-time performance. Rather than
modelling the full physical sensing process, the approach introduces a small set of
effects that directly influence the spatial distribution and reliability of LiDAR returns.

The plausibility model evaluates each geometric hit in a sequential manner, com-
bining surface properties, incidence angle, range, and atmospheric attenuation. First,
a return proxy is computed based on a material-specific reflection coefficient, ob-
tained from the associated physical material where available, and weighted by the
cosine of the incidence angle. This suppresses grazing-angle detections and introduces
a simplified material dependency. The resulting proxy is further scaled by an expo-
nential attenuation term based on the configured fog density parameter. This parame-
ter corresponds to the UES exponential height fog setting and is used here as an engi-
neering proxy to approximate visibility-related signal degradation with increasing dis-
tance. A return is accepted only if the attenuated return proxy exceeds a minimum
threshold. This threshold is defined from a configurable reference value at a reference
distance and, in the current implementation, increases with the squared distance ratio
relative to the reference distance.

In addition to this deterministic plausibility evaluation, stochastic weather effects
are applied to the remaining valid returns. All weather-related parameters are exter-
nally configured via a dedicated JSON interface, enabling reproducible scenario def-
inition and systematic variation. Rain is modelled as a distance-dependent dropout
process that removes points with increasing probability over path length and rain in-
tensity. The rain intensity parameter is mapped to approximate precipitation rates
(mm/h) based on empirical observations, allowing a coarse alignment with real-world
conditions. In contrast, fog density and snowfall are treated as engineering proxies
without direct physical calibration. Concretely, snow is represented as near-range
clutter by injecting or replacing returns near the sensor origin. These synthetic snow
returns may overwrite existing geometric points and thereby introduce masking ef-
fects within the point cloud. Finally, additive Gaussian noise is applied to the resulting
point positions with a variance that increases with distance.

A central design objective of this modelling approach is the use of parameters that
can be obtained or approximated with limited effort, for example from sensor speci-
fications, simple measurements, or coarse material categorisation. The model there-
fore does not aim to reproduce the exact physical behaviour of a specific LIDAR de-
vice. Instead, it focuses on generating point cloud characteristics that are sufficiently
realistic for downstream perception tasks. This includes angle-dependent return loss,
range-limited detectability, and weather-induced degradation effects. The resulting
abstraction provides a practical balance between realism, configurability, and compu-
tational efficiency for real-time ATO validation.



4 Evaluation and Results

The proposed LiDAR simulation was evaluated with respect to computational perfor-
mance, scalability, and the influence of environmental scene complexity on runtime
behaviour. The evaluation focuses on two aspects: the architectural progression of the
four simulation modules and the influence of environment modelling choices on the
computational load of the sensing pipeline.

All experiments were conducted within the Vir2Rail simulation environment in-
troduced in Section 3.1 on a workstation equipped with an Intel Xeon W-1370P CPU
(3.60 GHz), 128 GB RAM, and an NVIDIA RTX A5000 GPU. As the proposed Li-
DAR simulation is CPU-based, the GPU was not utilised for sensor computation. To
ensure reproducibility and comparability, the simulated vehicle remained stationary
during all measurements, and a fixed LiDAR configuration was used. The sensor was
configured with a horizontal field of view of 60°, a vertical field of view of 30°, an
angular resolution of 0.25° in both directions, a maximum range of 300 m, and a target
update rate of 10 Hz. This configuration provides a representative but computationally
demanding scan setup for comparing module performance under identical conditions.

The performance evaluation is based on the game time reported for the LiDAR
module within the UES profiling environment. For each configuration, the module
was executed repeatedly under identical conditions twice, and the reported game time
was recorded over ten consecutive scans each time and averaged to reduce variability
caused by background CPU activity. The resulting values therefore represent the en-
gine-side execution cost attributed to the LIDAR module under the respective bench-
mark configuration. In UES, the achievable frame rate (FPS) is given by the inverse
of the frame time and is limited by the maximum of the CPU (game thread) and GPU
pipeline times, including both the sensor simulation and the underlying scene load.

LiDAR- Mean Game Standard Min Game | Max Game | Speed-up to
Module Time [ms] | Deviation [ms] | Time [ms] | Time [ms] | Module 1 [-]
Module 1 168.38 2.73 165.1 178.1 1.00x
Module 2 135.33 2.71 132.1 141.7 1.24x
Module 3 42.68 4.07 394 45.7 3.95x
Module 4 42.56 2.14 40.3 46.7 3.96x

Table 1: Game Time (CPU cost) comparison of the different LiDAR modules

The results in Table 1 highlight the impact of the architectural changes across the
four modules. While multithreading in Module 2 reduces execution time by approxi-
mately 24% compared to the single-threaded baseline, the observed speedup remains
significantly below the theoretical expectation for parallel beam evaluation. This is
primarily due to synchronisation overhead introduced by thread-safe data handling,
including the use of locks to prevent race conditions during shared data access.

Profiling results further indicate that, in Module 2, the parallelised beam evaluation
accounts for about 30% of the total execution time, with a substantial portion of
runtime spent in data handling and serialisation. This observation reveals that the com-
putational bottleneck is not dominated by ray casting itself, but by downstream pro-
cessing. This is confirmed by Module 3, where optimised serialisation reduces
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runtime by nearly a factor of four compared to the baseline. The results demonstrate
that data handling overhead has a significantly larger impact on performance than
geometric ray evaluation under the given configuration. Module 4 maintains a com-
parable runtime to Module 3 despite additional plausibility modelling and weather
effects, indicating that the proposed modelling approach introduces negligible com-
putational overhead while preserving real-time capability.

These results confirm that the proposed architecture satisfies the requirements de-
rived in Section 2.4. In particular, real-time execution (R1) is maintained even with
extended modelling, while the engine-native implementation (R2) and externally con-
figurable parameters via JSON files (R3, R5) enable flexible experimentation. Fur-
thermore, the results demonstrate that the selected plausibility effects (R4) can be in-
tegrated without compromising computational efficiency, and that the data interface
(R6), implemented via UDP streaming, does not introduce a performance bottleneck.

While the previous analysis isolates the computational cost of the LIDAR modules,
the real-time capability of the overall simulation is not determined by the sensor alone.
In UES, the effective tick rate is governed by both the game thread time (CPU) and
the GPU rendering time, with the slower path limiting the simulation rate. To account
for this, additional measurements were conducted under varying environment config-
urations. Baseline times were first recorded without active sensors, followed by ena-
bling the camera module to capture camera processing overhead. Subsequently, scene
complexity was modified stepwise by removing foliage, enabling collision for vege-
tation, and activating shadow casting for grass elements. This allows the impact of
rendering and collision complexity on real-time performance to be assessed and high-
lights the importance of environment design alongside sensor implementation.

Level Mean GPU | Mean Game GPU Time Game Time
Configuration Time [ms] Time [ms] | Std. Dev. [ms] | Std. Dev. [ms]
BaseLevel 16.60 7.26 0.23 0.41
BaseLevel + Camera 16.54 19.80 0.19 0.98

No Foliage 10.26 5.71 0.11 0.09

No Shadow on Foliage 16.74 7.48 0.22 0.36
Collision on Grass 17.02 6.96 0.28 0.80

Table 2: Influences on GPU & Game Time by different additional Settings

The results in Table 2 highlight that real-time performance in UES is not solely
determined by sensor computation, but strongly influenced by scene configuration
and rendering workload. While the LiDAR module itself operates within the game
thread, the effective simulation rate is jointly limited by CPU and GPU (render time).
Removing foliage results in a substantial reduction of GPU time and also lowers game
time, indicating that vegetation is a dominant contributor to overall scene complexity.
In contrast, disabling shadows on foliage shows only minor performance improve-
ments, suggesting that geometric complexity rather than shading dominates the ren-
dering cost in this configuration. Enabling the camera module leads to an increase in
game time, while GPU time remains largely unchanged. This indicates that the over-
head is not caused by additional rendering, but by the extraction, processing, and
transmission of the already rendered image data within the game thread.
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Notably, enabling collision on grass has only a minor impact on both GPU and
CPU runtime, indicating that collision queries themselves do not represent a critical
bottleneck for real-time execution. However, this configuration has a substantial im-
pact on level loading and unloading times due to the increased number of collision-
enabled assets. While this overhead remains manageable in small-scale environments
such as the Vir2Rail demo setup, it becomes a limiting factor for large-scale maps and
closed-loop system testing, where high scenario throughput is required.

These findings underline that achieving real-time capability in UE5-based simula-
tion requires careful balancing of rendering complexity and collision modelling. In
particular, large numbers of collision-enabled foliage assets should be avoided in scal-
able validation environments, even if their runtime impact appears negligible. Overall,
the evaluation demonstrates that simulation performance can be tailored to specific
application requirements by balancing LiDAR configuration parameters (e.g., resolu-
tion, range, and modelling fidelity) with environment complexity.

5 Conclusions and Contributions

This paper presented a CPU-based real-time LiDAR simulation approach imple-
mented natively in UES for on-sight ATO validation. The evaluation demonstrates
that real-time performance can be achieved using a geometry-first sensing approach
combined with lightweight plausibility modelling. The results further show that com-
putational performance is not primarily limited by ray-based sensing itself, but by data
handling and engine-level factors such as rendering load and scene complexity. In
particular, the modular analysis reveals that multithreading alone provides limited
speedup due to synchronisation overhead, whereas optimised data serialisation yields
a substantially larger performance gain. At the system level, the achievable simulation
rate is jointly determined by CPU-based sensor processing and GPU-based rendering,
highlighting that real-time capability depends not only on sensor implementation but
also on appropriate environment design.

The proposed modelling approach focuses on a small set of configurable parame-
ters that can be obtained or approximated from sensor specifications, datasheets, or
simple comparative measurements. This enables a pragmatic alignment of simulated
sensor behaviour with expected real-world characteristics without requiring full phys-
ical calibration. At the same time, the approach introduces limitations. For landscape-
based materials, missing collision representations for foliage can lead to unrealisti-
cally steep incidence angles, resulting in excessive attenuation of returns. In the cur-
rent implementation, this effect can be compensated by increasing the reflectivity of
the underlying landscape material, representing an engineering workaround rather
than a physically grounded solution. Similarly, highly reflective smooth surfaces, such
as the running surface of rails, are overrepresented in the model, as specular reflec-
tions are not explicitly handled and returns are always assumed to reach the sensor.
This effect can be mitigated by manually reducing reflectivity values for such materi-
als, but again requires case-specific adjustments. These observations highlight that the
current approach relies partly on manual parameter tuning to achieve plausible results.

The main contribution of this work is therefore not a physically complete sensor
model, but a reproducible and engineering-oriented simulation framework that
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balances realism, configurability, and computational efficiency. If a closer approxi-
mation of a specific real-world LiDAR sensor is required, the model parameters must
be adjusted accordingly based on measurements or available reference data. All nec-
essary interfaces are exposed to support such calibration. In this context, the Vir2Rail
environment is released as an open-source UES project, providing a transparent and
extensible basis for LIDAR-based ATO research and validation. Future work will fo-
cus on reducing the need for such manual adjustments by extending the model with
additional surface descriptors, such as roughness and material-dependent scattering
behaviour, as well as incorporating more advanced return modelling to better capture
real sensor characteristics.
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