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Abstract
Realistic LiDAR simulation is important for the development and validation of au-
tonomous driving systems, but accurately reproducing LiDAR intensity remains
challenging. Unlike point geometry, intensity depends on range, incidence angle,
surface reflectivity, sensor-specific processing, and environmental effects. In addi-
tion, evaluating simulated intensity against real-world data is difficult because exact
pointwise alignment between real and simulated point clouds is rarely achievable in
a digital twin environment.
This thesis investigates LiDAR intensity simulation in a CARLA-based digital twin
of the AstaZero proving ground, developed in connection with Volvo Autonomous
Solutions. Real-world LiDAR reference data are reconstructed from MCAP record-
ings and used to evaluate the simulated intensity output. A physically motivated
intensity model is introduced for the simulated LiDAR, incorporating the main
factors that affect return strength, including range, incidence angle, and material
reflectivity. However, because the target LiDAR sensor outputs a vendor-specific
value affected by an inaccessible, proprietary internal processing pipeline, a direct
analytical sensor model is unattainable. Hence, the framework complements this
physical formulation to a final calibrated reflectivity simulation model through em-
pirical distribution mapping. The resulting model serves as a practical, real-time
approximation of calibrated reflectivity behavior rather than a complete reproduc-
tion of the internal sensor-processing pipeline.
To evaluate simulated LiDAR intensity, this thesis combines conventional histogram-
based metrics with a novel geometry tolerant evaluation method proposed in this
work. Wasserstein distance and Jensen–Shannon distance are used as baseline mea-
sures of global intensity distribution agreement. The proposed spherical harmonic
based method represents each LiDAR frame as an angular intensity function on the
sphere and compares frames using a weighted distance between their degree-wise
spherical harmonic energy descriptors. This method captures coarse angular in-
tensity structure in a rotation invariant manner without requiring exact pointwise
correspondence.
The results show that the proposed intensity model improves the similarity between
simulated and real-world reference intensity distributions. The proposed evaluation
method also provides a more informative comparison than traditional distribution-
based metrics by preserving directional intensity structure when local geometric
mismatch is present.

Keywords: LiDAR simulation, intensity modeling, calibrated reflectivity, autonomous
driving, digital twin, spherical harmonics, sim-to-real evaluation
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

k Index for a LiDAR point or angular intensity sample
i Measurement index of interpolation region
j Index for a basis function in the flattened spherical harmonic basis

matrix
ℓ Degree of a spherical harmonic basis function
m Order of a spherical harmonic basis function

Sets

M Available materials within the spectral library database
H Candidate parametric models for sensor-specific empirical distribu-

tion mapping
P LiDAR point cloud frame
Preal Real-world LiDAR point cloud frame
Psim Simulated LiDAR point cloud frame
S Set of angular intensity samples on the sphere
S2 Unit sphere
L2(S2) Space of square-integrable functions on the unit sphere

Parameters

N Number of valid LiDAR points or angular samples in a frame
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Nomenclature

K Number of spherical harmonic basis functions
L Maximum spherical harmonic degree used in the approximation
α Range-dependent attenuation coefficient
a Gain parameter in the empirical intensity mapping
b Offset parameter in the empirical intensity mapping
c Scale parameter in the logarithmic empirical mapping
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wk Weight assigned to sample k in coefficient estimation
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rk Range of the k-th LiDAR point from the sensor origin
θk Polar angle of the k-th LiDAR point
ϕk Azimuth angle of the k-th LiDAR point
I(θ, ϕ) Angular intensity function on the sphere
Isliver Normalized intensity value extracted from a PointCloudSliver mes-

sage
RRFL8 Reconstructed Ouster RFL8 calibrated reflectivity representation
Iphys Physically motivated simulated return intensity
ρm Reflectivity of semantic material m

ρm(θ) Incidence-angle-dependent reflectivity of semantic material m

A(r) Range-dependent attenuation term
FOuster Fitting curve from physical return intensity to Ouster-like cali-

brated reflectivity
(xq, yq) Quantile pairs for sensor-specific empirical distribution mapping
β Interpolation weights for material reflectivity computation
µh Parameter vector for model h

µ̂h Optimal parameter vector for model h

h⋆ Optimal mapping model
BL Baseline model
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Nomenclature

PM-BF Proposed model before fitting
FA,full Full Field-of-View (FOV) fitting curve for scenario A
FB,full Full Field-of-View (FOV) fitting curve for scenario B
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F̄ full
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ĉ Estimated spherical harmonic coefficient vector
A Spherical harmonic basis matrix evaluated at LiDAR sample direc-

tions
W Diagonal sample-weight matrix
i Vector of LiDAR intensity samples
Eℓ Degree-wise spherical harmonic energy at degree ℓ

E Spherical harmonic energy descriptor
Dw Weighted spherical harmonic energy distance
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1
Introduction

Autonomous driving systems (ADS) are becoming increasingly important in both
research and industrial applications. They are expected to improve transportation
safety, increase operational efficiency, and enable new forms of mobility and logistics
in domains such as mining, construction, and transport. To achieve these goals, ADS
must operate robustly in complex and changing environments, which places high
demands on both the algorithms and the sensor systems on which these algorithms
rely.

Simulation plays a critical role in the development and validation of ADS. Com-
pared with purely real-world testing, simulation provides a safe, scalable, and cost-
efficient environment for testing perception, localization, planning, and control algo-
rithms, while also enabling systematic scenario generation, repeatable experiments,
and large-scale data generation for training and evaluation. At VAS, an in-house
simulation platform based on Unreal Engine has been developed as an evaluation en-
vironment for autonomous driving algorithms. The platform can generate synthetic
sensor data for the autonomous driving stack, including camera, LiDAR, radar, and
GNSS/INS-related measurements. Among these modalities, realistic LiDAR simula-
tion remains particularly challenging, especially with respect to intensity modeling.

LiDAR intensity is governed by a complex sensing process involving laser emission,
atmospheric propagation, surface interaction, and signal reception. As a result,
the returned intensity is affected by multiple factors, including range, surface re-
flectivity, incidence angle, material properties, sensor-specific characteristics, and
environmental conditions. Capturing these effects in a physically meaningful yet
computationally efficient way is therefore a major challenge in real-time simulation.

Evaluating the quality of simulated LiDAR intensity is also a challenging task in
an industrial setting. Reliable assessment often requires considerable time, compu-
tational effort, and access to representative real-world data. Furthermore, LiDAR
intensity is influenced by a range of factors beyond surface properties alone, which
makes it difficult to model and evaluate consistently. Consequently, both realistic
intensity generation and robust quality assessment remain important challenges in
real-time LiDAR simulation.

Against this background, this thesis aims to improve the current LiDAR simula-
tion pipeline in two directions: first, by introducing a more physically motivated
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1. Introduction

LiDAR intensity model suitable for real-time simulation; and second, by proposing
a geometry-tolerant evaluation method that can assess simulated LiDAR intensity
quality without requiring exact one-to-one alignment with real-world data.

1.1 Background
Autonomous driving development relies heavily on simulation. Simulation is used for
system testing, scenario-based validation, and synthetic data generation, allowing
developers to evaluate algorithms under rare, dangerous, or difficult-to-reproduce
conditions. In these applications, the fidelity of the simulation model is important. If
the simulated sensor data do not represent the behavior of the real sensor sufficiently
well, the resulting data distributions and evaluation results may not transfer reliably
to real-world operation.

LiDAR simulation is an important part of autonomous driving simulation because
LiDAR sensors provide dense three-dimensional information for perception, local-
ization, and scene understanding. In simulation, a LiDAR point cloud can be con-
sidered from two related perspectives: geometry and intensity. The geometric part
describes where the simulated rays intersect the environment, while the intensity
part describes the strength or reflectivity-related value assigned to each valid re-
turn. Compared with geometric ray casting, realistic intensity simulation is more
difficult because the measured intensity is affected by many physical and sensor-
specific factors.

Previous work on LiDAR radiometric processing has shown that measured intensity
depends on factors such as range, incidence angle, target reflectance, atmospheric
effects, and sensor-dependent processing [1, 2]. In automotive LiDAR simulation,
material properties and incidence-angle-dependent reflectance have also been iden-
tified as important components for generating more realistic simulated returns [3].
Other high-fidelity LiDAR sensor models include detailed ray tracing, scan pattern
modeling, and sensor signal-processing components [4]. However, a real-time simula-
tion system cannot usually reproduce the full physical and internal sensor-processing
pipeline in detail. A practical model must therefore balance physical motivation,
computational efficiency, and the ability to approximate the intensity representation
observed in real sensor data.

In this thesis, the simulated LiDAR intensity model is formulated as a simplified
physically motivated model suitable for real-time simulation. The model focuses
on the main factors that affect the returned intensity, including range-dependent
attenuation, incidence angle, and material reflectivity. Since the reference intensity
values are calibrated and vendor-specific, the simulated output is later adjusted to
make it comparable with the real-world reference data.

Evaluating the quality of simulated LiDAR intensity is also challenging. Previous
approaches have evaluated LiDAR realism through physical accuracy models, radio-
metric correction, or downstream perception performance [5, 6, 7]. These methods
are useful for understanding different aspects of LiDAR data quality, but they either

2



1. Introduction

require detailed physical calibration and sensor information or assess realism indi-
rectly through the performance of a perception algorithm. In this thesis, the goal
is to compare simulated and real-world intensity behavior more directly, without
relying on a complete physical sensor model or an end-to-end perception evaluation.

A further difficulty is that exact point-wise correspondence between real and simu-
lated LiDAR data is difficult to achieve. The digital twin is only an approximation
of the real test site, the ray casting geometry is simplified for computational effi-
ciency, and the real-world sensor pose may not be reproduced exactly in simulation.
Traditional distribution-based metrics, such as histogram comparison, Wasserstein
distance, or Jensen–Shannon distance, avoid strict point-wise correspondence by
comparing intensity distributions. However, they ignore where the intensity values
occur around the sensor. Two observations may therefore have similar intensity his-
tograms while still having different angular intensity structures. This motivates an
evaluation method that remains tolerant to geometric mismatch while preserving
directional intensity information.

Motivated by these limitations, this thesis proposes a geometry-tolerant frame-level
evaluation method based on spherical harmonic energy descriptors. Each LiDAR
frame is converted into an angular intensity representation on the sphere. The
frame-level intensity function is then approximated using spherical harmonic basis
functions, and the degree-wise coefficient energy is used as a rotationally invariant
descriptor. This descriptor preserves information about the angular distribution
of intensity while avoiding strict point-wise correspondence. The resulting energy
distance provides a practical way to compare real and simulated LiDAR intensity
when small pose differences and local geometric mismatch are unavoidable.

1.2 Purpose
The purpose of this thesis is to develop a high-fidelity LiDAR intensity model suit-
able for real-time simulation, and to propose a practical method for evaluating the
quality of simulated LiDAR intensity data in an industrial simulation environment.

More specifically, the work aims to improve the physical realism of LiDAR intensity
generation while also introducing an evaluation framework that is robust to imper-
fect geometric alignment between real and simulated observations. Together, these
two components are intended to support more reliable development and validation
of LiDAR simulation at VAS.

1.2.1 Research Questions
This thesis is guided by the following research questions:

1. How can a high-quality LiDAR intensity model be designed for real-time sim-
ulation?

2. How can the quality of simulated LiDAR intensity be evaluated in a robust
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and practical manner?

1.3 Limitations
Since the simulator is required to operate in real time, the proposed intensity model
cannot include all physical effects in full detail. Some factors must therefore be
simplified or approximated in order to satisfy computational constraints. The work
in this thesis focuses on identifying a balance between physical realism and runtime
efficiency, rather than constructing a fully exhaustive physical sensor model.

In addition, the proposed evaluation method does not aim to recover true physical
reflectance in a strict radiometric sense. Instead, it relies on intensity calibration
to transform raw LiDAR intensity into a more stable proxy related to surface prop-
erties. For LiDAR systems in which such calibration is already handled, or can be
approximated reliably from the available measurements, the evaluation framework
is expected to be relatively robust. However, for sensors that provide only raw in-
tensity values in a less normalized form, additional preprocessing may be required
before the method can be applied consistently.

A further limitation is that the evaluation is designed to compare the overall distri-
butional behavior of the intensity signal rather than exact pointwise correspondence.
This makes the method more robust to geometric mismatch, but it also means that
it is not intended to diagnose fine-grained local errors at the individual point level.
Detailed pointwise discrepancies and downstream task effects are therefore outside
the primary scope of the proposed evaluation framework.
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2.1 Simulation for ADS
In engineering, simulation generally refers to the use of computational models to
reproduce selected aspects of a real system, such that its behavior can be studied
under controlled conditions. Instead of interacting with the physical system directly,
simulation provides a virtual environment in which inputs, states, and external
conditions can be systematically adjusted and observed [9].

In the context of autonomous driving systems (ADS), simulation denotes the virtual
reproduction of the driving task, including the road environment, surrounding traffic
participants, vehicle dynamics, and sensor observations. Its purpose is not merely to
visualize traffic scenes, but to emulate the interaction between the autonomous vehi-
cle and its environment, so that modules such as perception, localization, planning,
and control can be developed and analyzed in a digital setting [8].

ADS simulation can therefore be understood as a combination of environment mod-
eling, actor modeling, vehicle modeling, and sensor simulation. Since autonomous
driving operates in open, dynamic, and safety-critical environments, simulation has
become an important component of the broader development and validation pipeline,
where it complements real-world testing by enabling controlled and repeatable ex-
perimentation [9, 10].

2.2 Unreal Engine
Unreal Engine is a real-time 3D engine for constructing and executing interactive
virtual environments. More generally, it provides a computational framework in
which scenes are represented through geometry, materials, lighting, dynamic objects,
and spatial relationships, while also supporting rendering, physics, and interaction.
In this sense, Unreal Engine is not merely a graphics tool, but a digital world engine
that can represent and update complex virtual environments in real time.

Because of this, Unreal Engine can also serve as a foundation for simulation. It en-
ables roads, buildings, vehicles, pedestrians, and other scene elements to be modeled
within a coherent virtual world, which can then be used not only for visualization
but also for synthetic sensor generation through rendering or geometric queries.
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In autonomous driving simulation, this makes Unreal Engine a suitable basis for
constructing driving environments and supporting perception-oriented simulation
platforms such as CARLA.

2.3 CARLA

CARLA [11] is an open-source simulator developed for autonomous driving research,
designed to support the development, training, and validation of autonomous driving
systems [8]. Built on top of Unreal Engine, it provides a virtual driving environment
together with the infrastructure needed to simulate vehicles, traffic participants,
and sensor modules within a unified framework [8]. In this sense, CARLA can
be understood as a higher-level autonomous driving simulator that extends Unreal
Engine toward autonomous driving applications.

For this thesis, CARLA is relevant as the platform in which the LiDAR simulation
is implemented. Its simulator architecture provides a convenient basis for sensor
development, since virtual sensors can interact with the environment and access the
geometric information required for measurement generation. Based on this frame-
work, the LiDAR simulation developed in this thesis can generate simulated point
cloud data, which can then be exported and compared with corresponding real-world
test data in the later evaluation stage [12].

2.4 LiDAR

LiDAR, short for Light Detection and Ranging, is an active sensor that measures the
environment by emitting laser light and analyzing the returned signal after reflection
from surrounding objects. In automotive systems, distance is commonly estimated
using the time-of-flight principle, and together with the beam direction this allows
the sensor to generate a three-dimensional point cloud of the scene [18].

LiDAR is crucial in autonomous driving systems (ADS) because the vehicle must
reliably perceive three-dimensional structure in order to detect obstacles, estimate
free space, localize itself, and understand the spatial arrangement of surrounding
objects. Compared with cameras, which do not directly measure depth, and radar,
which usually provides lower spatial resolution, LiDAR offers detailed geometric
information and therefore plays an important role in perception, mapping, localiza-
tion, and multi-sensor fusion.

In simulation, LiDAR is equally important because it is one of the main ways a vir-
tual environment is converted into machine-readable sensor data. In platforms such
as CARLA, LiDAR is commonly implemented through ray-casting, where virtual
rays intersect scene geometry to generate simulated point clouds. This makes Li-
DAR simulation an efficient basis for further modeling of intensity and other sensor
effects.
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2.4.1 LiDAR Sensing
The basic sensing principle of LiDAR is to emit laser pulses into the environment
and measure the returned signal after reflection from surrounding surfaces. In most
automotive LiDAR systems, the travel time of the emitted light is used to estimate
the distance to a target, and together with the beam direction this allows the sensor
to determine the three-dimensional position of reflecting surfaces. By repeating this
process across many directions, the sensor generates a point cloud that describes
the geometric structure of the environment.

In practice, LiDAR sensing is influenced by several factors beyond range measure-
ment alone. The returned signal depends on propagation distance, incidence angle,
surface properties, and sensor characteristics. In particular, increasing distance
generally weakens the return due to attenuation, while large incidence angles often
reduce the received energy. These effects are important in simulation, since a re-
alistic LiDAR model should not only reproduce point positions, but also capture
how sensing behavior varies with geometry and surface interaction. In the simu-
lation developed in this thesis, such factors are therefore considered as important
components for improving the realism of the LiDAR sensing process.

2.4.2 LiDAR Intensity
In addition to geometric range information, many LiDAR systems provide an in-
tensity value for each return. This value describes the strength of the received
signal and can therefore provide information beyond geometry alone. In practice,
LiDAR intensity can help distinguish surfaces with similar shape but different opti-
cal properties, which makes it useful for tasks such as perception, localization, and
scene interpretation. However, intensity is not a direct material property, since the
recorded value depends not only on the surface itself but also on sensing conditions
[1].

LiDAR intensity is influenced by distance, incidence angle, material properties, and
sensor-specific characteristics. The returned signal generally weakens with increas-
ing distance due to propagation losses, while larger incidence angles often reduce the
energy reflected back toward the receiver. Material properties such as reflectance,
roughness, and wavelength-dependent behavior also affect the response. In addition,
recorded intensity is often sensor- and vendor-dependent, which makes realistic sim-
ulation more challenging.

In this thesis, these effects are treated as the main targets of the LiDAR intensity
model in order to improve the realism of the simulated sensor response.

2.5 Ray Casting
Ray casting is a fundamental technique for simulating LiDAR measurements in
virtual environments. The basic idea is to mimic the sensing process of a real
LiDAR by emitting virtual rays into the scene and computing their intersections
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Figure 2.1: Illustration of LiDAR simulation by ray casting. Virtual rays are emit-
ted into the scene to approximate the sensing process of a LiDAR, and intersections
with scene geometry are used to generate simulated returns.

with surrounding geometry, as observed in Figure 2.1. For each emitted ray, the
simulator determines whether it hits an object, where the intersection occurs, and
how far that point is from the sensor. By repeating this process over many directions,
a point cloud representation of the environment can be generated.

In LiDAR simulation, ray casting provides an efficient way to approximate the ge-
ometric measurement process of the sensor. It captures the basic behavior that
LiDAR beams travel through space, interact with surfaces, and return spatial infor-
mation about the scene. Because of its simplicity and computational efficiency, ray
casting is widely used as the foundation of real-time LiDAR simulation. In this the-
sis, it serves as the basis for generating simulated LiDAR returns before additional
effects such as intensity response are considered.

2.6 Spherical Projection
Spherical projection is a way of representing LiDAR measurements in a structured
form by mapping each point according to its direction relative to the sensor. Instead
of treating the point cloud only as an unordered set of 3D points, the measurements
are projected onto a sphere centered at the LiDAR. In this representation, each
return is described by angular coordinates together with an associated value, such
as range or intensity.

This transformation is useful because raw point clouds are irregular and unstruc-
tured, which makes direct global comparison difficult. By projecting the data onto
a sphere, the measurements can be organized into a consistent directional represen-
tation that preserves how the environment appears from the sensor viewpoint. This
makes it easier to compare observations at the distribution level rather than relying
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on exact point-to-point correspondence.

In this thesis, spherical projection is used to convert LiDAR observations into a
structured representation suitable for global comparison and later spectral analysis.
In this way, the method becomes less sensitive to local geometric mismatch while
still preserving the overall directional structure of the measured signal.

Figure 2.2: Illustration of spherical projection for LiDAR data, adapted from
MathWorks MATLAB Lidar Toolbox documentation: Unorganized to Organized
Conversion of Point Clouds Using Spherical Projection, https://www.mathworks.
com/help/lidar/ug/unorganized-to-organized-pointcloud-conversion.
html. Each 3D point is mapped onto a 2D image according to its angular
coordinates (θ, ϕ) relative to the sensor, while the pixel value represents a quantity
such as intensity or range.

2.7 Spherical Harmonics
Spherical harmonics (SH) are a set of orthogonal basis functions defined on the unit
sphere. They are commonly written as

Y m
l (θ, ϕ) = Nm

l P m
l (cos θ) eimϕ, (2.1)

where l ≥ 0 is the degree, −l ≤ m ≤ l is the order, P m
l denotes the associated

Legendre polynomial, and Nm
l is a normalization constant.

A signal defined on the sphere, denoted by f(θ, ϕ), can be expanded in the SH basis
as

f(θ, ϕ) =
∞∑

l=0

l∑
m=−l

cm
l Y m

l (θ, ϕ), (2.2)

where cm
l are the spherical harmonic coefficients.

In this thesis, spherical harmonics are used to represent LiDAR signals after spher-
ical projection in a compact spectral form. Instead of comparing individual points
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Figure 2.3: Visualization of real spherical harmonic basis functions of increasing
degree and order. The figure is adapted from Wikipedia, Spherical harmonics:
https://en.wikipedia.org/wiki/Spherical_harmonics.

directly, each LiDAR frame is described by its SH coefficients. This is useful be-
cause descriptors derived from these coefficients can be made rotation-invariant,
which enables more robust global comparison between LiDAR frames.

2.8 Sim-to-Real Gap
The sim-to-real gap refers to the discrepancy between simulated data and real-world
observations. In sensor simulation, this gap arises because a virtual environment
cannot perfectly reproduce all aspects of the real sensing process, even when the
scene geometry and sensor configuration are similar. As a result, simulated outputs
may differ from real measurements in ways that affect both the sensor signal itself
and the behavior of downstream algorithms [19].

In the context of LiDAR simulation, the sim-to-real gap is influenced by multiple
factors, including geometric fidelity, material modeling, scanning effects, and other
sensor-dependent phenomena. Recent work has shown that reducing this gap re-
quires more than reproducing approximate scene structure alone; realistic modeling
of sensor behavior and scene properties is also important for obtaining simulated
LiDAR data that better matches real observations.

For this reason, the sim-to-real gap is a central issue in simulation-based development
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and evaluation. It motivates both the improvement of sensor models and the design
of comparison methods that remain meaningful even when exact agreement between
simulation and reality cannot be achieved.

11



2. Theory

12



3
Methods

The methodology in this thesis follows a sim-to-real workflow in which LiDAR data
collected at the AstaZero proving ground are compared with LiDAR data generated
in a CARLA-based digital twin of the same test site. The real-world dataset is stored
in MCAP format and contains timestamped sensor and localization data, including
RGB camera images, GNSS measurements, and LiDAR point clouds. These real
LiDAR measurements are used as reference data for evaluating the realism of the
simulated LiDAR intensity.

In the simulation environment, a standalone LiDAR sensor is spawned in the As-
taZero digital twin. The simulated LiDAR point cloud is generated through ray
casting, where rays are emitted from the sensor according to the configured scan
pattern and intersections with the virtual environment are recorded. The proposed
intensity model is integrated into this generation process and assigns an intensity
value to each valid LiDAR return based on physically motivated factors such as
range, incidence angle, and surface reflectance.

The simulated and real LiDAR data are then compared by extracting frames from
corresponding locations or scenarios. Since exact point-wise alignment between the
real and simulated point clouds is difficult to achieve, the evaluation focuses on
geometry-tolerant comparison of intensity characteristics rather than strict one-to-
one matching. This workflow allows the proposed intensity model to be assessed
in terms of how closely the simulated LiDAR intensity resembles the real-world
measurements.

3.1 Reference LiDAR Data

3.1.1 Real-World Data Collection and MCAP Recording
The real-world reference data used in this thesis were collected at the AstaZero
proving ground using an instrumented vehicle equipped with multiple perception and
localization sensors. The recorded data are stored in MCAP files, which provide a
structured container format for storing timestamped messages from different sensors
and software modules. In this work, the MCAP recordings are used as the source of
the real-world LiDAR measurements against which the simulated LiDAR intensity
is evaluated.
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Load real-world LiDAR
data from MCAP file

Initialize the digital twin at the
corresponding GNSS location

Filter data around the
selected GNSS location

Spawn the virtual LiDAR sensor and
generate the simulated point cloud

Aggregate scan segments into
one complete real LiDAR frame

Compute intensity using the
proposed model and export

one complete simulated frame

Load the real and simulated LiDAR
frames into the evaluation program

Compare the real and simulated LiDAR
frames using the proposed evaluation metrics

Figure 3.1: Compact overview of the proposed sim-to-real evaluation pipeline. A
real LiDAR frame is reconstructed from recorded MCAP data, while a corresponding
simulated frame is generated in the digital twin using the proposed intensity model.
The two frames are then loaded into the evaluation program and compared using
the selected metrics.
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An MCAP file [13] organizes recorded data using three main concepts: schemas,
channels, and messages. A schema describes the structure of a certain type of
message, for example which fields are present in the data and how they should be
interpreted. A channel connects such a message type to a specific recorded topic,
such as a LiDAR, camera, or localization stream, and specifies how messages on
that topic are encoded. The messages themselves contain the actual recorded data,
each associated with timing information and a channel. This structure allows het-
erogeneous sensor data to be stored in the same file while preserving the relationship
between topic, data type, encoding, and timestamp.

MCAP file

Schemas
message structure and field definitions

Channels
recorded topics and message encodings

Messages
timestamped recorded sensor data

Selected LiDAR topic
extracted for frame reconstruction

Figure 3.2: Simplified organization of the MCAP recording format used for LiDAR
data extraction.

Although the MCAP recordings contain several sensor modalities, including camera,
GNSS, IMU, radar, and LiDAR data, the current intensity evaluation pipeline only
extracts the LiDAR stream. The LiDAR measurements are stored as PointCloud-
Sliver messages, which represent partial point cloud data produced by the sensor
during a scan. These sliver messages are vendor-specific and must therefore be de-
coded and reconstructed according to the corresponding LiDAR data layout. The
reconstruction of complete LiDAR frames from these messages is described in the
following subsection.

3.1.2 Vendor-Specific LiDAR Data Structure
Although the LiDAR data stored in the MCAP recordings are already provided as
PointCloudSliver messages rather than raw Ouster UDP packets, the meaning of
the intensity field is still determined by the original Ouster sensor data format. In
the extracted point cloud representation, each point is available in an XYZI format,
where the spatial coordinates describe the measured 3D position and the intensity
value originates from the corresponding Ouster return measurement. Therefore,
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before using the recorded LiDAR data as reference data, it is necessary to clarify
which Ouster quantity is represented by the intensity field.

Ouster sensors support different LiDAR return profiles. The relevant intensity inter-
pretation in this work is described using the single-return RNG19_RFL8_SIG16_NIR16
profile [14] as a representative example. As illustrated in Figure 3.3, this profile
contains several measurement fields for each channel data block, including range,
calibrated reflectivity, signal photons, and near-infrared photons. These fields rep-
resent different physical quantities. Range describes the measured distance to the
detected target, signal photons represent the strength of the laser return, and near-
infrared photons are related to ambient near-infrared illumination. The calibrated
reflectivity field provides a sensor-processed estimate of target reflectivity based on
the received signal, measured range, and sensor sensitivity.
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Figure 3.3: Example Ouster channel data structure for the
RNG19_RFL8_SIG16_NIR16 single-return profile. The profile contains range,
calibrated reflectivity, signal, and near-infrared fields for each channel data block.

In the reconstructed point clouds used in this thesis, the intensity component is
interpreted as the Ouster calibrated reflectivity field, denoted by RFL8. This field
is stored as an 8-bit unsigned integer with values from 0 to 255. However, the
integer value is an encoded representation rather than the calibrated reflectivity
value itself. According to the Ouster reflectivity representation, each integer maps
to a corresponding calibrated reflectivity level. The mapping is approximately linear
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for lower values, while higher integer values represent increasingly larger reflectivity
levels.

Figure 3.4: Mapping between the 8-bit reflectivity representation and calibrated
reflectivity values for the Ouster RFL8 field, shown on a logarithmic scale. [15]

The calibrated reflectivity should not be interpreted as raw received signal strength.
Instead, it is a sensor-processed quantity derived from the signal photon measure-
ment and compensated based on factors such as measured range and sensor sen-
sitivity. Therefore, the calibrated reflectivity represented by RFL8 is used as the
real-world reference quantity in this thesis. The objective of the proposed simula-
tion model is to approximate this calibrated reflectivity behavior in the simulated
LiDAR point cloud, while the subsequent processing operates on the XYZI point
cloud representation extracted from the MCAP recordings.

3.1.3 Point Cloud Frame Reconstruction
The MCAP recordings provide the LiDAR measurements as PointCloudSliver mes-
sages. Each sliver contains a partial point cloud from a selected LiDAR topic,
together with metadata required to decode the binary point buffer. Since one sliver
only represents part of the scan, a complete LiDAR frame is reconstructed by de-
coding and concatenating multiple consecutive slivers from the same topic.

The reconstruction process starts by filtering the MCAP messages to the selected
LiDAR topic. For each matching sliver, the message metadata are read to determine
the point stride and the layout of the packed point fields. The field definitions
specify the name, offset, and numeric type of each point attribute, allowing the raw
data buffer to be interpreted as a structured point array. The decoded points are
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represented in XYZI format, where x, y, and z describe the Cartesian position of
each point and i contains the recorded intensity value.

In the MCAP PointCloudSliver representation, the intensity value is stored as a
normalized reflectivity value rather than directly as the original 8-bit RFL8 repre-
sentation. To recover the representation used by the Ouster reflectivity mapping,
the normalized sliver intensity is converted back to the 0–255 scale as

RRFL8 = Isliver ·
255
100 (3.1)

Invalid or near-zero intensity values are removed before this reconstructed intensity
is used for analysis. After decoding, filtering, and intensity conversion, the selected
sequence of slivers is concatenated into a single LiDAR frame. The output of this
step is a reconstructed real-world point cloud containing Cartesian coordinates and
corresponding RFL8-based intensity values, which are used as the reference data for
later sim-to-real evaluation.

3.2 Simulated LiDAR Data
This section describes how the simulated LiDAR data are generated in the CARLA-
based digital twin. The simulation first defines the virtual environment and sensor
configuration, then generates LiDAR returns through ray casting. For each valid
ray-cast hit, an intensity value is computed using the proposed simulated intensity
model. The resulting simulated point cloud is later compared with the reconstructed
real-world reference data.

3.2.1 Simulation Environment and Virtual Sensor Setup
The simulated LiDAR data used in this thesis are generated in a CARLA-based
simulation environment built on Unreal Engine. The environment contains a digital
twin of the AstaZero proving ground, allowing the same test site to be represented
in simulation as in the real-world data collection. In a standard approach, an ego
vehicle would be spawned together with the surrounding static and dynamic ob-
jects required for the selected scenario, and the developed LiDAR sensor would
be attached to the vehicle at a predefined mounting position corresponding to the
physical sensor installation. This setup enables controlled generation of LiDAR mea-
surements under repeatable conditions and provides the basis for later sim-to-real
comparison.

However, because the Functional Mock-up Units (FMUs) of the vehicle models are
still undergoing concurrent testing and validation during the development of the
LiDAR model, a decoupled approach is implemented. Instead of mounting the vir-
tual LiDAR directly to the vehicle model, the sensor is spawned as an independent
entity within the virtual environment. Its spatial trajectory is defined using abso-
lute positions extracted from MCAP log files, which are calculated by applying the
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coordinate transforms from the ego vehicle’s localized pose to the relative physical
position of the sensor. The sensor is configured to follow the intended scan pattern
and measurement characteristics of the real LiDAR as closely as required for the
evaluation. In practice, this includes parameters such as the number of channels,
rotational behavior, angular sampling, minimum and maximum range, and frame
generation rate. The purpose of this configuration is to ensure that the simulated
point cloud has a comparable spatial sampling structure to the real-world reference
data.

Figure 3.5 illustrates an example CARLA simulation scene with a virtual LiDAR
output. The background shows a simulated driving environment rendered in CARLA,
while the overlaid window visualizes the point cloud generated by the virtual LiDAR
sensor. This illustrates the general ray-casting-based sensor simulation setup used
to generate the simulated point cloud data.

Figure 3.5: Example CARLA simulation scene and corresponding virtual LiDAR
output. The overlaid point cloud view shows the LiDAR returns generated from the
simulated environment.
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3.2.2 Ray-Casting-Based LiDAR Generation
The virtual LiDAR sensor generates point clouds by emitting rays into the simulated
scene according to the configured scan pattern. At each simulation step, the number
of scan columns to be generated is determined from the elapsed time, rotation fre-
quency, horizontal resolution, and horizontal field of view. Each column defines one
horizontal emission angle, while each LiDAR channel defines one vertical emission
angle. Together, these angles determine the direction of each ray.

For every ray, a ray-cast query is performed in the Unreal Engine scene. If the ray
intersects an object within the valid range, the hit is treated as a LiDAR return and
its geometric information, such as hit position, range, surface normal, and semantic
tag are used to output the calibrated reflectivity values according to the model. If
no valid intersection is found, the return is marked as null calibrated reflectivity
with relative position to the LiDAR sensor XYZ = (0, 0, 1). The returns from all
generated columns and channels are then assembled into a simulated LiDAR frame.
This ray-casting procedure provides the geometric basis for the intensity model
introduced in the following subsection.

Algorithm 1 Ray-casting-based LiDAR generation
Require: LiDAR configuration, sensor pose, simulation time step
Ensure: Simulated LiDAR frame

1: Determine the number of scan columns generated during the time step
2: for each scan column do
3: Compute the horizontal emission angle
4: for each vertical channel do
5: Read the vertical emission angle
6: Construct the ray direction from the horizontal and vertical angles
7: Cast the ray into the simulated scene
8: if the ray intersects an object within the valid range then
9: Extract hit position, range, surface normal, and semantic tag

10: Calculate calibrated reflectivity according to the model
11: Store the return as a LiDAR point
12: else
13: Mark the return as XYZI = (0, 0, 1, 0)
14: end if
15: end for
16: end for
17: Assemble the returns into the simulated LiDAR frame
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3.2.3 Physically Motivated Intensity Model
LiDAR intensity is affected by several physical and sensor-specific factors. Previous
work on LiDAR radiometric processing and intensity correction commonly identifies
range, incidence angle, target reflectance, atmospheric effects, and sensor-dependent
processing as important contributors to the measured return strength [1, 2]. In
automotive LiDAR simulation, material reflectance and incidence-angle-dependent
response have also been used to model more realistic LiDAR returns [3]. Based on
these observations, the model used in this thesis is formulated as a simplified real-
time approximation rather than a full reconstruction of the complete radiometric
and sensor-processing pipeline.

For each valid ray-cast hit, a physically motivated return term is first computed
from three components: range-dependent attenuation, incidence-angle response, and
material reflectivity. The base return model is written as

Iphys = A(r)ρm(θ) (3.2)

where r is the range from the LiDAR sensor to the hit point, A(r) is the range-
dependent attenuation term, θ is the incidence angle between the incoming ray
direction and the surface normal, and ρm is the reflectivity assigned to the hit
semantic material depending on the incidence angle.

The physical return term is not used directly as the final simulated intensity. The
real-world reference data in this thesis are based on the Ouster RFL8 calibrated
reflectivity representation, which is a sensor-processed quantity rather than raw
received signal strength. Since the exact internal Ouster processing is not available,
an additional sensor-specific approximation function is applied:

Rsim = FOuster (Iphys) (3.3)

Here, FOuster denotes an empirical scaling and normalization function that maps the
physically motivated return term to an Ouster-like simulated calibrated reflectivity
representation. The following subsections describe the individual terms A(r) and
ρm(θ), followed by the sensor-specific scaling and normalization used to obtain the
final simulated calibrated reflectivity.

3.2.3.1 Range-Dependent Attenuation

The strength of a LiDAR return generally decreases with increasing distance between
the sensor and the target due to propagation effects such as beam spreading and
atmospheric attenuation. Mathematically, this behavior is represented by a range-
dependent attenuation term A(r):

A(r) = 1
rn

exp(−αr) (3.4)
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where r is the distance from the LiDAR sensor to the ray-cast hit point and α is the
atmospheric attenuation coefficient. The exponent n dictates the geometric power
drop-off, which conventionally varies from n = 2 for extended Lambertian targets
to n = 4 for distinct point targets, depending on the spatial fraction of the laser
footprint intercepted by the object [3].

However, the studied Ouster sensor outputs a calibrated reflectivity metric. The
sensor’s internal firmware dynamically compensates for these distance-related en-
ergy losses (1/rn) based on real-time range measurements, normalizing the output
to represent a material property rather than a raw signal intensity. Consequently, to
maintain parity during later sim-to-real comparisons, the explicit 1/rn geometric at-
tenuation term is omitted from the thesis simulation model. Instead, the simulation
maps target returns directly to calibrated reflectivity values, preserving atmospheric
attenuation exp(−αr) for long-range environmental fidelity.

3.2.3.2 Semantic Material and Angle-dependent Material Reflectance

Different physical surfaces produce different LiDAR return intensities due to their
material-specific reflectance properties and the orientation of the surface relative to
the sensor. In the proposed model, each valid ray-cast hit within the simulation
environment is linked to a unique semantic tag, which categorizes the surface into
specific material classes such as asphalt, lane markings, vegetation, concrete, or
metal.

Instead of assigning a single constant reflectivity value to each material, in order to
map these semantic categories to realistic physical responses, an open-access angle
dependent spectral library [16] based on a 945 nm Time-of-Flight Camera is used to
incorporate empirical data into the model. This database provides discrete, angle-
resolved material reflectance measurements done at 10◦ increments.

The material reflectivity term is modeled as a function of the incidence angle θ,
defined as the angle between the incoming laser beam and the surface normal at the
hitpoint, and the semantic material class m:

ρm = f(m, θ) (3.5)

Because the simulation environment samples arbitrary continuous incidence angles
that can differ from the database’s discrete 10◦ increments, the computed material
reflectivity ρm(θ) for a given semantic label m and an incidence angle θ ∈ [0◦, 90◦]
is determined according to the following formulation:

ρm(θ) =



cos(θ), if m /∈M

1
100 [(1− β)ρi + βρi+1] , if m ∈M and 0◦ ≤ θ < 80◦

1
100 [(1− β)ρ8] , if m ∈M and 80◦ ≤ θ ≤ 90◦

(3.6)

23



3. Methods

whereM represents the set of available materials within the spectral library database.
The indexing and interpolation weights are calculated dynamically based on the re-
gion of the incidence angle:

• For the standard interpolation region (0◦ ≤ θ < 80◦): The bounding
lower bin index is i = ⌊θ/10⌋, the upper bin index is i+1, and the interpolation
weight is defined as β = (θ/10)− i. The values ρi and ρi+1 correspond to the
percentage reflectance values stored at these indices.

• For the boundary extrapolation region (80◦ ≤ θ ≤ 90◦): The boundary
index is fixed at the maximum available dataset entry (i = 8, representing
80◦), and the linear fade weight to absolute zero at 90◦ is computed as β =
(θ − 80)/10.

By combining semantic classification with angle-dependent database lookups, the
simulation successfully reproduces variations in intensity across diverse materials
while accounting for incidence-angle dependencies. This lookup and interpolation
pipeline provides a practical, computationally lightweight approximation suitable for
real-time LiDAR simulation without requiring the deployment of full bidirectional
reflectance distribution functions (BRDFs).

3.2.4 Sensor-Specific Empirical Distribution Mapping
The physically based return term Iphys generated within the simulation environment
represents a relative simulated return strength, but it is not directly equivalent to
the Ouster RFL8 calibrated reflectivity value. The RFL8 value is a vendor-specific
representation that is produced after proprietary internal processing, range compen-
sation, sensitivity correction, and non-linear encoding. Since the exact parameters
of this internal processing pipeline are inaccessible, the simulated physical return
cannot be converted to RRFL8 using a known analytical sensor model.

For this reason, the final simulated calibrated reflectivity is obtained through an
empirical distribution mapping rather than a purely physical formula. Let Iphys
denote the physically motivated simulated return value and let RRFL8 denote the
calibrated reflectivity representation used in the real-world reference data. The
objective of the mapping is to transform the distribution of Iphys so that it becomes
directly comparable to the distribution of RRFL8:

Rsim = FOuster (Iphys) (3.7)

where the mapping function FOuster is estimated empirically using regression over
quantile correspondences across the simulated and real domains.

Let x denote the distribution of simulated physical intensity samples, and let y de-
note the distribution of real calibrated reflectivity samples. For each matched frame
pair, a set of matching quantiles is extracted across a predefined range [qmin, qmax].
These matching points are pooled into a dataset of training pairs (xq, yq), establish-

24



3. Methods

ing an empirical distribution profile between the two domains. A set of candidate
parametric model families, H, is then evaluated to fit these quantile pairs:

yq ≈ h(xq; µh), h ∈ H, (3.8)

where µh represents the parameter vector for the candidate model h. The library
of candidate models H contains six parametric families: linear, quadratic, cubic,
logarithmic, power, and exponential-saturating functions.

The optimal parameter vector µ̂h for each candidate model is estimated through non-
linear least-squares curve fitting using the scipy.optimize.curve_fit function
provided by the SciPy library [17]. The optimal mapping model h⋆ is subsequently
selected by identifying the candidate that minimizes the Mean Squared Error (MSE)
over the aggregated quantile dataset:

h⋆ = arg min
h∈H

(MSEh) (3.9)

FOuster(Iphys) = h⋆(Iphys; µ̂h⋆) (3.10)

The final simulated calibrated reflectivity representation Rsim is obtained by pass-
ing the raw simulated intensity through the chosen function, where non-physical
negative values are suppressed via a zero-clipping boundary condition:

Rsim = max (0, FOuster(Iphys)) . (3.11)

The resulting value is therefore not a reconstruction of the internal Ouster processing
pipeline. Instead, it is a statistically simulated calibrated reflectivity value whose
distribution is aligned with the calibrated reflectivity representation observed in the
real-world reference data.

3.2.5 Cross-Scenario Generalization and Validation Frame-
work

To prevent the empirical distribution mapping from overfitting to a single localized
scene layout or specific weather state, a cross-scenario generalization and validation
framework was established. The main objective of this framework is to evaluate
whether a physics-motivated mapping function can generalize across different envi-
ronmental conditions by executing an average of separate empirically fitted curves.
Specifically, this framework allows us to observe and compare whether a calibration
model isolated to a restricted, controlled field of view yields a superior, more ro-
bust approximation of the sensor transfer function on unseen data compared to a
full-field-of-view configuration.
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The experimental design divides the available simulation and real-world log files into
two distinct subsets: a calibration dataset and an unseen validation dataset. Both
subsets feature opposite weather and surface states:

• Calibration Dataset: Comprises Scenario A, which represents dry environ-
mental conditions, and Scenario B, which captures a wet/rainy environment.

• Validation Dataset: Comprises Scenario C (dry conditions) and Scenario D
(wet/rainy conditions). This pair is not used during the initial optimization
phase to serve as a baseline for testing the generalization capabilities of the
obtained mapping.

Additionally, the chosen sequences are filtered so that elements such as vehicles,
buildings, or dense tree vegetation do not significantly distort or skew the curve-
fitting process and subsequent evaluations. These structural elements are intention-
ally excluded because they introduce severe sim-to-real discrepancies: simulated ve-
hicles are restricted to a single, uniform semantic material tag, a simplification that
fails to capture the complex multi-material composition like paint, glass, metal, rub-
ber, of real-world vehicles, while assets like buildings and trees lack exact digital-twin
geometric fidelity and their true real-world material specifications are fundamentally
unknown.

Hence, focusing the calibration on the ground plane, mainly composed of gravel
and soil within the drivable area, and low ground vegetation in the non-drivable
areas, provides a highly stable dataset where material characteristics can be accu-
rately assumed and modeled, ensuring that the physical reality gap between the
simulation and the real logs remains minimized. This isolation allows the analysis
to focus directly on reliable material reflectance properties. Within the simulation
environment, the semantic material assignments are strictly controlled so that the
exact same materials are present across all scenarios. The different environmen-
tal conditions are introduced by swapping the experimental lookup tables linked to
these material labels: the dry scenarios (A and C) utilize the corresponding dry
material measurements, while the wet scenarios (B and D) apply the wet material
measurement values to those identical target classes.

For both calibration scenarios, the raw point clouds from the front-center LiDAR
are processed under two different spatial fields of view (FOVs) to evaluate domain
stability:

1. Reduced FOV Configuration: Restricts the spatial window to a central-
ized horizontal span of 70◦ and the lower 60 vertical channels. The primary
objective of this configuration is to focus the vast majority of the transmitted
laser beams directly onto the ground surface. By targeting a uniform surface
region and removing peripheral data, this setup isolates a data subset that
closely replicates the controlled real-world laboratory settings used for empir-
ical material measurements, a working environment which was not accessible
during the development of the thesis.

2. Full FOV Configuration: Utilizes the 180◦ horizontal span directly in front
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of the sensor across all 64 vertical channels. While a broader FOV increases
sample size, it introduces a variety of physical variables. Under full exposure,
the recorded intensity is no longer purely a function of the known material
type and local angle of incidence. Instead, it is heavily influenced by range-
dependent distance attenuation and geometric structural differences across the
scene.

By executing the empirical distribution mapping across these configurations, the
cubic polynomial family was identified as the optimal minimum-MSE model h⋆ ∈ H
across all calibration instances. This yields four independent sets of polynomial
coefficients.

Because polynomial equations are linear with respect to their parameter vectors, a
direct arithmetic mean of their corresponding coefficients was carried out to obtain
the generalized/master mapping functions. Thus, the master full-FOV mapping
function is expressed as a single cubic equation:

F̄ full
Ouster(Iphys) = āfullI3

phys + b̄fullI2
phys + c̄fullIphys + d̄full (3.12)

where each coefficient is defined as the average of the scenario-specific parameters:

āfull = afull
A + afull

B

2 , b̄full = bfull
A + bfull

B

2 (3.13)

c̄full = cfull
A + cfull

B

2 , d̄full = dfull
A + dfull

B

2 (3.14)

The master reduced-FOV mapping function F̄ red
Ouster(Iphys) is formulated symmet-

rically using the averaged coefficients derived from the isolated 70◦ × 60 channel
configurations.

These two master/averaged curves establish fixed, time-invariant calibration pro-
files. During the subsequent testing and validation phase, these curves are used
directly in the developed model and deployed directly onto the unseen validation
scenarios (Scenarios C and D) to convert simulated physical intensities into final
simulated calibrated reflectivities, Rsim. The accuracy and structural alignment of
the resulting point clouds are then quantified using the evaluation method detailed
in the subsequent subsection.

Table 3.1 shows the matrix of scenarios and sensor configurations used during the
generalization and validation framework.
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Table 3.1: Matrix showing the Vendor-Specific Empirical Mapping Framework

Condition Fitting Scenario Validation Scenario
Dry Scenario A

• Full FOV
• Reduced FOV

Scenario C
• Evaluated with Master fitting
curves

Wet Scenario B
• Full FOV
• Reduced FOV

Scenario D
• Evaluated with Master fitting
curves

3.3 Evaluation Method

Direct point-wise comparison between real and simulated LiDAR point clouds is
highly sensitive to localization errors, geometric mismatch, and sampling differences.
In principle, the simulated LiDAR sensor can be placed at a pose corresponding to
the real measurement in the digital twin. In practice, however, it is difficult to
reproduce the exact sensor pose, vehicle state, scan timing, and surrounding geom-
etry with sufficient accuracy for strict one-to-one point matching. Small pose errors
can shift many points, causing large apparent differences even when the simulated
intensity behavior is qualitatively similar to the real measurement.

Geometric mismatch is also unavoidable in this thesis. First, the AstaZero digital
twin was created from scanned data collected several years before the real-world
LiDAR recordings used in this work. Although the main road layout and static
infrastructure remain similar, smaller objects and scene details may have changed
over time. Second, the geometry used for real-time ray casting is simplified and
organized for efficient BVH-based intersection queries. This simplified representa-
tion is suitable for simulation performance, but it cannot be expected to reproduce
every geometric detail visible to the real LiDAR sensor. Therefore, the evaluation
method should not require exact geometric correspondence between individual real
and simulated points.

To address these limitations, this thesis evaluates LiDAR intensity using a geometry-
tolerant frame-level descriptor based on spherical harmonic approximation. Each
LiDAR frame is first represented as an angular intensity function on the sphere.
Instead of comparing individual points, the method approximates the frame-level
intensity distribution using smooth spherical harmonic basis functions. This reduces
sensitivity to local geometric differences and sharp pointwise mismatches. The com-
parison is then performed using the energy at each spherical harmonic degree, which
is invariant to rotation. As a result, the proposed evaluation method compares the
overall angular structure of the intensity distribution while being tolerant to small
pose differences and geometric inconsistencies between the real scene and the digital
twin.
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3.3.1 Spherical Intensity Representation
The evaluation method first transforms each LiDAR frame from Cartesian point
cloud form into a spherical intensity representation. A LiDAR point is originally
represented in XYZI format as

pk = (xk, yk, zk, ik) (3.15)

where (xk, yk, zk) is the 3D position of point k in the LiDAR coordinate frame and
ik is its intensity value. In the evaluated data, the vehicle motion during one LiDAR
frame is small because the truck drives at low speed while the LiDAR frame rate
is relatively high. Therefore, each frame is approximated as being captured from
a fixed sensor origin. Under this assumption, each point can be represented by its
angular direction from the LiDAR origin, which provides a natural representation
for comparing the frame-level intensity distribution.

For each valid point, the Cartesian coordinates are converted to spherical coordinates
as

rk =
√

x2
k + y2

k + z2
k (3.16)

θk = arccos
(

zk

rk

)
(3.17)

ϕk = mod (atan2(yk, xk), 2π) (3.18)

where rk is the range, θk ∈ [0, π] is the polar angle measured from the positive z-axis,
and ϕk ∈ [0, 2π) is the azimuth angle. Points with zero or invalid range are removed
before this transformation.

After this conversion, each LiDAR frame is represented as a set of angular intensity
samples,

S = {(θk, ϕk, ik)}N
k=1 (3.19)

where N is the number of valid points in the frame. This can be interpreted as
samples of an intensity function on the sphere,

I(θk, ϕk) = ik (3.20)

The subsequent spherical harmonic approximation is applied to this angular inten-
sity function rather than to the original Cartesian point positions. This makes the
comparison focus on the directional distribution of intensity in the LiDAR frame,
instead of requiring exact point-wise correspondence in 3D space. Figure 3.6 gives
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a visual representation of how the cartesian coordinates are transformed into the
spherical projection.

Figure 3.6: Illustration of spherical projection for LiDAR data. The left side shows
the original LiDAR point cloud in Cartesian space, while the right side shows the
same data mapped onto the spherical domain according to the angular coordinates
of each point. This representation preserves the directional structure of the LiDAR
frame and provides the basis for subsequent spherical harmonic analysis.

3.3.1.1 Function Space and Inner Product

The spherical intensity representation allows one LiDAR frame to be interpreted
as samples of a scalar function f(θ, ϕ) defined on the sphere. To approximate this
function systematically, the set of square-integrable real-valued functions on the
sphere is considered as a vector space, denoted by L2(S2). In this space, functions
play the role of vectors: they can be added, multiplied by scalar coefficients, and
represented using suitable basis functions.

In a vector space, an arbitrary element can be represented by a weighted combination
of basis elements. Similarly, a function f on the sphere can be approximated by a
finite expansion using K basis functions,

f(θ, ϕ) ≈
K∑

j=1
cjφj(θ, ϕ) (3.21)

where φj denotes the j-th basis function and cj is its corresponding coefficient. To
determine these coefficients, an inner product is introduced. The inner product
defines projection and similarity in the function space, analogous to the dot product
in a finite-dimensional vector space.

If the basis functions are orthonormal, they satisfy
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⟨φj, φk⟩ =

1, j = k,

0, j ̸= k.
(3.22)

The coefficient ck can then be derived by taking the inner product between f and
the basis function φk:

⟨f, φk⟩ ≈
〈

K∑
j=1

cjφj, φk

〉
(3.23)

Using the linearity of the inner product gives

⟨f, φk⟩ ≈
K∑

j=1
cj⟨φj, φk⟩ (3.24)

Because the basis is orthonormal, all terms vanish except the one with j = k, giving

ck = ⟨f, φk⟩ (3.25)

Thus, each coefficient is obtained by projecting the function onto the corresponding
basis function. For real-valued functions on the sphere, the inner product used in
this thesis is defined as

⟨f, g⟩ =
∫ 2π

0

∫ π

0
f(θ, ϕ)g(θ, ϕ) sin θ dθ dϕ (3.26)

where sin θ dθ dϕ is the surface area element on the sphere. This result provides the
mathematical basis for representing the spherical LiDAR intensity function using
spherical harmonic basis functions.

3.3.1.2 Spherical Harmonic Basis Functions

Spherical harmonics provide an orthonormal set of basis functions for representing
functions defined on the sphere. They are indexed by the degree ℓ and order m,
where

ℓ = 0, 1, . . . , L, m = −ℓ, . . . , ℓ (3.27)

For a maximum degree L, the number of spherical harmonic basis functions is

K = (L + 1)2 (3.28)

The complex spherical harmonic basis functions are commonly written as
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Y m
ℓ (θ, ϕ) = NℓmP m

ℓ (cos θ)eimϕ (3.29)

where P m
ℓ is the associated Legendre polynomial and Nℓm is a normalization factor.

One commonly used normalization is

Nℓm =

√√√√2ℓ + 1
4π

(ℓ−m)!
(ℓ + m)! (3.30)

In this thesis, a real-valued spherical harmonic basis is used because the LiDAR
intensity function is real-valued. The real basis functions are constructed from the
complex spherical harmonics as

Y real
ℓm (θ, ϕ) =


√

2(−1)m Im
(
Y

|m|
ℓ (θ, ϕ)

)
, m < 0,

Y 0
ℓ (θ, ϕ), m = 0,√
2(−1)m Re (Y m

ℓ (θ, ϕ)) , m > 0.

(3.31)

Using these basis functions, the spherical LiDAR intensity function can be approx-
imated by a truncated spherical harmonic expansion,

I(θ, ϕ) ≈
L∑

ℓ=0

ℓ∑
m=−ℓ

cℓmY real
ℓm (θ, ϕ) (3.32)

where cℓm is the coefficient corresponding to degree ℓ and order m. The degree
ℓ controls the spatial frequency of the basis function on the sphere. Low-degree
components describe coarse, global angular intensity patterns, while higher-degree
components represent finer local variation. Truncating the expansion at a finite
order L therefore produces a smooth approximation of the frame-level intensity
distribution, which helps reduce sensitivity to small geometric differences and local
pointwise mismatches.

3.3.1.3 Discrete Coefficient Estimation from LiDAR Samples

In the continuous case, the spherical harmonic coefficient is defined by projecting
the angular intensity function onto each basis function,

cℓm =
〈
I, Y real

ℓm

〉
=
∫ 2π

0

∫ π

0
I(θ, ϕ)Y real

ℓm (θ, ϕ) sin θ dθ dϕ. (3.33)

This expression assumes that the intensity function I(θ, ϕ) is continuously defined
over the sphere. In a LiDAR frame, however, the intensity information is only
available at a finite set of measured beam directions,
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S = {(θk, ϕk, ik)}N
k=1 , (3.34)

where (θk, ϕk) denotes the angular direction of the k-th point and ik denotes its
corresponding intensity value.

A direct numerical approximation of the continuous spherical integral would require
appropriate surface-area quadrature weights. However, raw LiDAR samples are not
uniformly distributed over the sphere. The sensor only observes a limited field of
view, and its scan pattern is determined by the LiDAR beam layout rather than
by uniform spherical-area sampling. Therefore, in this work the coefficients are not
interpreted as unbiased estimates of the continuous spherical harmonic projection
over the full sphere.

Instead, spherical harmonics are used as a structured angular basis to define a con-
sistent empirical descriptor over the observed LiDAR directions. For each real spher-
ical harmonic basis function, the coefficient is computed by the empirical weighted
projection

ĉℓm =
N∑

k=1
wkikY real

ℓm (θk, ϕk). (3.35)

In the implementation, uniform normalized sample weights are used,

wk = 1
N

, (3.36)

unless otherwise specified. This gives

ĉℓm = 1
N

N∑
k=1

ikY real
ℓm (θk, ϕk). (3.37)

This formulation should be understood as an empirical inner product over the Li-
DAR sampling distribution,

⟨f, g⟩S =
N∑

k=1
wkf(θk, ϕk)g(θk, ϕk), (3.38)

rather than as an exact numerical integration over the full spherical surface. Al-
though this empirical projection is biased with respect to the ideal continuous
spherical-area integral, the bias is systematic when all frames are acquired from
the same LiDAR sensor and processed using the same weighting rule. Therefore,
the resulting coefficients remain comparable as frame-level descriptors.

Let the spherical harmonic basis functions be flattened into a single index j, where
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Akj = φj(θk, ϕk), (3.39)

and φj denotes the corresponding real spherical harmonic basis function. The in-
tensity samples are collected as

i = [i1, i2, . . . , iN ]⊤. (3.40)

The empirical projection can then be written in matrix form as

ĉ = A⊤W i, (3.41)

where W is a diagonal matrix containing the sample weights. With uniform nor-
malized weights, this becomes

ĉ = 1
N

A⊤i. (3.42)

The resulting coefficient vector is ordered by increasing spherical harmonic degree
and order,

ĉ = [c00, c1,−1, c10, c11, . . . , cL,L]⊤. (3.43)

This vector provides a compact empirical representation of the angular intensity
distribution observed by the LiDAR frame. It is not intended to reconstruct the
full continuous intensity function exactly, but rather to encode the observed frame
in a consistent spherical harmonic feature space. The coefficient vector is then used
to construct the rotationally invariant energy descriptor described in the following
subsection.

3.3.2 Rotationally Invariant Energy Descriptor
Before constructing the rotationally invariant descriptor, it is useful to consider the
direct distance between two spherical harmonic coefficient vectors. Let f(θ, ϕ) and
g(θ, ϕ) be two angular intensity functions represented using the same real spherical
harmonic basis:

f(θ, ϕ) =
L∑

ℓ=0

ℓ∑
m=−ℓ

cf
ℓmY real

ℓm (θ, ϕ), g(θ, ϕ) =
L∑

ℓ=0

ℓ∑
m=−ℓ

cg
ℓmY real

ℓm (θ, ϕ). (3.44)

Their difference can be written as
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f(θ, ϕ)− g(θ, ϕ) =
L∑

ℓ=0

ℓ∑
m=−ℓ

(
cf

ℓm − cg
ℓm

)
Y real

ℓm (θ, ϕ) (3.45)

The squared L2 distance between the two functions on the sphere is

∥f − g∥2
L2(S2) =

∫ 2π

0

∫ π

0
(f(θ, ϕ)− g(θ, ϕ))2 sin θ dθ dϕ (3.46)

Substituting the spherical harmonic expansions gives

∥f − g∥2
L2(S2) =

∫ 2π

0

∫ π

0

 L∑
ℓ=0

ℓ∑
m=−ℓ

(
cf

ℓm − cg
ℓm

)
Y real

ℓm (θ, ϕ)
2

sin θ dθ dϕ (3.47)

Because the real spherical harmonic basis functions are orthonormal under the spher-
ical inner product, all cross terms vanish:

〈
Y real

ℓm , Y real
ℓ′m′

〉
=

1, ℓ = ℓ′ and m = m′,

0, otherwise.
(3.48)

Therefore, the squared function-space distance is equal to the squared Euclidean
distance between the corresponding coefficient vectors:

∥f − g∥2
L2(S2) =

L∑
ℓ=0

ℓ∑
m=−ℓ

(
cf

ℓm − cg
ℓm

)2
(3.49)

This relationship shows that, when the spherical harmonic basis is orthonormal,
comparing the coefficient vectors directly is mathematically equivalent to comparing
the two angular intensity functions using the squared L2 distance on the sphere. If
the real and simulated LiDAR frames were perfectly aligned in orientation, this
direct coefficient-space distance could therefore be used as a natural function-space
comparison metric.

However, direct comparison of individual coefficients is sensitive to orientation dif-
ferences. A rotation of the input frame changes the individual coefficients cℓm, even
if the underlying angular intensity pattern remains similar. In practical sim-to-real
comparison, small orientation or pose differences between the real and simulated
frames are difficult to avoid. Therefore, a direct coefficient-wise L2 distance may
report a large difference even when the two frames contain similar angular intensity
structure.

To improve robustness to orientation mismatch, this thesis uses a degree-wise spher-
ical harmonic energy descriptor. For a fixed degree ℓ, a rotation mixes the coeffi-
cients among the orders m = −ℓ, . . . , ℓ, but preserves the norm of the coefficient
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band. Therefore, each LiDAR frame is represented by the energy at each spherical
harmonic degree:

Eℓ =
 ℓ∑

m=−ℓ

c2
ℓm

1/2

(3.50)

The full descriptor is then

E = [E0, E1, . . . , EL]⊤ (3.51)

This descriptor is rotationally invariant because rotations redistribute coefficient
values within the same degree ℓ, but do not change the total energy of that degree.
In addition, the descriptor has a multi-scale interpretation. Low degrees describe
coarse, global angular intensity structure, while higher degrees describe finer local
variations.

In this thesis, the comparison gives higher importance to the lower degrees because
the overall intensity distribution is more relevant than sharp local details. This also
improves tolerance to geometric mismatch between the real scene and the digital
twin. The weighted energy distance between a real frame and a simulated frame is
defined as

Dw =
(

L∑
ℓ=0

wℓ

(
Ereal

ℓ − Esim
ℓ

)2
)1/2

(3.52)

where wℓ is a non-negative weight assigned to degree ℓ, normalized as

L∑
ℓ=0

wℓ = 1 (3.53)

In this work, decreasing degree weights are used to emphasize low-order spherical
harmonic components and reduce the influence of high-frequency details. Three
possible weighting schemes are considered:

wlin
ℓ = L− ℓ + 1∑L

j=0(L− j + 1)
,

winv
ℓ = 1/(ℓ + 1)∑L

j=0 1/(j + 1)
,

wexp
ℓ = exp(−ℓ)∑L

j=0 exp(−j)
.
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These choices all assign larger weights to lower spherical harmonic degrees. There-
fore, the final distance compares the frame-level intensity structure in a way that is
rotation-invariant while remaining tolerant to local geometric differences.

Figure 3.7: Rotational invariance of the spherical harmonic energy descriptor. The
two LiDAR frames are rotated relative to each other, but their spherical harmonic
energy descriptors remain the same or very similar because the descriptor depends
on degree-wise energy rather than the absolute orientation of the frame.
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Algorithm 2 summarizes the complete frame-level comparison procedure. Given one
real LiDAR frame and one simulated LiDAR frame, the method converts both frames
into spherical intensity samples, estimates their spherical harmonic coefficients, com-
putes the degree-wise energy descriptors, and finally evaluates the weighted rota-
tionally invariant distance.

Algorithm 2 Spherical harmonic energy-based frame comparison
Require: Real LiDAR frame Preal, simulated LiDAR frame Psim, maximum SH

order L, degree weights {wℓ}L
ℓ=0

Ensure: Weighted rotationally invariant distance Dw
Procedure ComputeEnergyDescriptor(P , L)

1: Remove invalid points from P
2: Convert each point (xk, yk, zk, ik) to angular sample (θk, ϕk, ik)
3: Build the real spherical harmonic basis matrix A up to order L
4: Estimate coefficient vector ĉ using empirical projection over the observed LiDAR

samples
ĉ = A⊤W i

5: for ℓ = 0 to L do
6: Extract coefficient band cℓ = [cℓ,−ℓ, . . . , cℓ,ℓ]⊤
7: Compute degree-wise energy

Eℓ =
 ℓ∑

m=−ℓ

c2
ℓm

1/2

8: end for
9: Store E = [E0, E1, . . . , EL]⊤

10: Ereal ← ComputeEnergyDescriptor(Preal, L)
11: Esim ← ComputeEnergyDescriptor(Psim, L)
12: Normalize the degree weights so that ∑L

ℓ=0 wℓ = 1
13: Compute the weighted energy distance

Dw =
(

L∑
ℓ=0

wℓ

(
Ereal

ℓ − Esim
ℓ

)2
)1/2

14: return Dw
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Results

This chapter presents the results of the proposed LiDAR intensity simulation and
evaluation pipeline. Reconstructed real-world LiDAR frames from MCAP record-
ings are compared with corresponding simulated LiDAR frames generated in the
CARLA-based AstaZero digital twin. The comparison focuses on the calibrated re-
flectivity behavior represented by the vendor-specific intensity values in the reference
data.

The results first compare the intensity distributions of real-world and simulated
points before vendor-specific fitting. An empirical mapping is then fitted to trans-
form the physically motivated simulated intensity into a vendor-specific calibrated
reflectivity representation. After applying this mapping, the simulated intensity dis-
tribution is compared again with the real-world reference data. The comparison is
quantified using traditional distribution-based metrics and the proposed spherical
harmonic energy distance.

This chapter therefore evaluates both parts of the proposed approach: the physically
motivated intensity model with vendor-specific mapping, and the geometry-tolerant
frame-level evaluation method.

4.1 Intensity Distributions Alignment and Fitting
Effects

The first evaluation analyzes the intensity profile distributions across three mod-
els: the uncalibrated model, and the models using the master Full-FOV equation
(F̄ full

Ouster), and the master Reduced-FOV equation (F̄ red
Ouster). To establish a clear

baseline and isolate the effects of the empirical mapping, a single representative Li-
DAR frame is selected from Scenario A (dry environmental conditions) and another
from Scenario B (wet/rainy conditions), matched precisely with their corresponding
digital-twin frames in the simulation. These specific frames are chosen such that
there are no vehicles, buildings, or tree vegetation in the surrounding area in order
to effectively isolate the raw sensor reality gap during the analysis, avoiding external
geometric or multi-material variables.

For each selected frame, the intensity distributions are extracted and visualized as
histograms in a single comparative matrix, presented in Figure 4.1. The horizontal
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axis denotes the intensity or calibrated reflectivity values, while the vertical axis
indicates the absolute point counts per bin. The columns separate the data by
environmental weather state (dry, wet), while the rows demonstrate the step-by-
step evolution of the simulation-to-reality alignment.

The first row of the matrix (Figures 4.1a and 4.1b) illustrates the uncalibrated
single-frame intensity distributions. In both environmental states, an important
alignment mismatch is visible between the real-world reference data (RRFL8) and
the raw simulation outputs (Iphys). The real-world reference data and the simulated
data have different distribution shapes, which is expected because the simulated
intensity at this stage is still a relative physically motivated return value, it has not
yet been transformed into the vendor-specific calibrated reflectivity representation
used in the reference data. Furthermore, comparing the left and right columns of this
initial row demonstrates that changing the lookup tables from dry to wet materials
shifts the raw simulation distributions, yet fails to bridge the reality gap to the true
sensor data. This baseline mismatch directly highlights why an analytical translation
is mathematically unfeasible and validates the need of the empirical master fitting
curves.

To bridge this gap, the empirical quantile regression routine described in the method-
ology was executed across the four fitting configurations. Figure 4.2 shows the
explicit distribution-mapping results for Scenario A (Dry), stacking the Full-FOV
configuration (Figure 4.2a) and the Reduced-FOV configuration (Figure 4.2b). Simi-
larly, Figure 4.3 presents the corresponding optimization curves for Scenario B (Wet)
for the Full-FOV (Figure 4.3a) and Reduced-FOV (Figure 4.3b) configurations. In
all the configurations, the cubic polynomial family came up to be the best to track
the empirical quantile matching pairs (xq, yq) .

To achieve a generalized transformation function, these local curves were combined
by averaging the parameters. Figure 4.4 presents all four scenario-specific curves
alongside the two resulting master equations. This joint visualization makes the
parameter averaging process easily understandable, the master fitting equations act
as stable geometric midpoints, successfully balancing the clear, high-return dry re-
flectance curves with the damp, attenuated characteristics induced by wet surface
conditions across both spatial configurations.

The resulting numerical coefficients (a, b, c, d) extracted from these optimizations are
summarized in Table 4.1 with the respective Mean Squared Error (MSE) and Root
Mean Squared Error (RMSE). The variation among the parameters highlights how
environmental water films and spatial field-of-view filtering affect the local curve
fitting, emphasizing that a single scenario run isn’t sufficient to define a general-
ized/master model.

The second row of the matrix (Figures 4.1c and 4.1d) illustrates the distribution
profiles after applying the master Full-FOV calibration curve. The mapping suc-
cessfully shifts the raw simulated intensity domain into the targeted vendor-specific
calibrated reflectivity range. However, significant differences in the distributions
still remain.
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(a) Scenario A (Dry): Uncalibrated
Model

(b) Scenario B (Wet): Uncalibrated
Model

(c) Scenario A (Dry): Master Full-FOV
Model

(d) Scenario B (Wet): Master Full-FOV
Model

(e) Scenario A (Dry): Master Reduced-
FOV Model

(f) Scenario B (Wet): Master Reduced-
FOV Model

Figure 4.1: Single-frame intensity and calibrated reflectivity distribution matrices
for Scenario A (left column) and Scenario B (right column). The top row (a, b)
illustrates the raw, uncalibrated gap between simulated physical intensity (Iphys)
and real-world reference data (RRFL8). The middle row (c, d) shows the resulting
distributions after applying empirically fitted master Full-FOV function (F̄ full

Ouster).
The bottom row (e, f) shows the alignment achieved using the master Reduced-
FOV function (F̄ red

Ouster).

41



4. Results

(a) Full FOV Configuration

(b) Reduced FOV Configuration

Figure 4.2: Empirical quantile matching pairs with corresponding optimized cubic
regression curves for Scenario A (Dry Conditions).
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(a) Full FOV Configuration

(b) Reduced FOV Configuration

Figure 4.3: Empirical quantile matching pairs with corresponding optimized cubic
regression curves for Scenario B (Wet Conditions).
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Figure 4.4: Comprehensive comparison of all local scenario-specific calibration
curves and their corresponding averaged master functions (F̄ full

Ouster and F̄ red
Ouster).

Table 4.1: Optimal cubic regression parameters and fitting errors for the calibration
configurations

Configuration a b c d MSE RMSE
A — Full FOV 17.8017 −9.4108 2.0267 −0.0899 0.000114 0.01067
B — Full FOV 36.2729 −12.2931 1.2153 −0.0094 0.000651 0.02552
Master (F̄ full) 27.0373 −10.8519 1.6210 −0.0496 — —
A — Reduced FOV 24.6659 −14.9720 3.3007 −0.1758 0.000150 0.01227
B — Reduced FOV 14.4915 −4.4782 0.4650 −0.0007 0.000106 0.01031
Master (F̄ red) 19.5787 −9.7251 1.8829 −0.0882 — —

In the dry configuration (Figure 4.1c), while the real reference data effectively termi-
nates near 0.25, the simulated calibrated profile shows a higher calibrated reflectivity
tail that extends up to 0.33. Similarly, in the wet configuration (Figure 4.1d), the
real sensor returns are mainly compressed below 0.05, but the Full-FOV model dis-
tribution is still shifted to the right of the real distribution, having still a relevant
amount of returns in the range of 0.04 to 0.12. These results show the impact of uti-
lizing a wide 180◦ spatial window for calibration. Because the Full-FOV calibration
dataset captures uncorrected range-dependent attenuation from peripheral targets,
it introduces severe geometric and material noise into the initial quantile regression,
leading to still undesired results.

On the other hand, the third row of the matrix (Figures 4.1e and 4.1f) captures
the distributions following the application of the master Reduced-FOV calibration
profile. By restricting the regression strictly to the centralized 70◦ × 60-channel
grid, the calibration isolates the roughly uniform gravel and soil surfaces of the
ground plane, successfully replicating controlled real-world laboratory measurement
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conditions.

The resulting distribution improvements are noticeable. In the dry configuration
(Figure 4.1e), the erroneous high-reflectivity tail is completely eliminated, and the
simulated curve mainly stops close to the real 0.21 limit. Although this significantly
increases the overlapping bin density between the real and simulated calibrated
reflectivity distributions, this curve-fitting underestimates the intensity of the overall
distribution, shifting the simulated calibrated reflectivity distribution to the left of
the real distribution. In the wet state (Figure 4.1f), the distribution is further
compressed towards the origin, strictly bounding the simulated outputs below 0.09.
Although the distribution is shifted more towards the origin, it is noticeable that
the calibration does not manage to fully approximate the distribution to the lower
reflectivity values shown by the real calibrated reflectivity distribution.

These visual results show that isolating the optimization layer to a focused, ground-
focused field of view and calculating the arithmetic mean of the cubic polynomial
parameters successfully filters out the peripheral noise and range-dependent atten-
uation, showing a superior simulation-to-reality alignment compared to both the
uncalibrated baseline and the noisy Full-FOV model. However, the residual dis-
crepancies, specifically the slight underestimation of the main intensity distribution
in the dry state and the incomplete compression toward the lowest reflectivity val-
ues in the wet configuration directly expose the inherent fidelity limitations of the
digital-twin environment.

While the simulation environment maps the drivable area as a relatively uniform,
homogeneous material surface, the actual physical test track presents a heteroge-
neous, complex mixture of gravel, soil, and distinct road elements that produce
highly localized textures and varied reflectivity distributions. This can be observed
in Figure 4.5.

Figure 4.5: Comparison of real-world and simulated LiDAR scan intensity frames
under dry conditions (Scenario A). The real-world reference data captures the mate-
rial heterogeneity and structural variations between gravel and soil on the track. On
the other hand, the digital-twin simulation renders the drivable area as a completely
homogeneous material surface.

Furthermore, during rainy scenarios as the one shown in Figure 4.6, the real-world
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environment naturally forms scattered puddles, whereas the digital twin applies a
uniform moisture lookup distribution across the entire ground layer. This real-world
surface variability generates a complex, scattered reflectivity behavior that a single
one-dimensional polynomial transfer function cannot fully map. Nevertheless, the
Reduced-FOV master calibration establishes a robust and stable baseline for sensor
rendering, providing a physical foundation that is further evaluated using the spatial
metrics detailed in the subsequent sections.

Figure 4.6: Comparison of real-world and simulated LiDAR scan intensity frames
under wet conditions (Scenario B). The real-world reference data shows highly lo-
calized low-reflectivity regions caused by water puddles that scatter the laser beams
away from the receiver. In contrast, the simulation treats the entire surface with
a uniform, unvaried wet material profile, failing to replicate the irregular spatial
distribution of surface water.

4.2 Traditional Distribution-Based Frame Com-
parison

To establish a classical benchmark and evaluate how our calibration layers impact
intensity alignment, we use two standard distribution-based metrics: the Wasserstein
distance and the Jensen–Shannon distance, using their respective implementations
in the SciPy library [20, 21]. These metrics treat a frame’s LiDAR intensity values as
a numeric distribution and evaluate how closely the simulation matches real-world
logs.

• Wasserstein Distance (WD): Often called the Earth Mover’s Distance,
WD measures the total statistical work required to shift and reshape one
distribution into another. It is geometry-aware, which means it tracks global
shape alignment and horizontal shifts between curves.

• Jensen–Shannon Distance (JSD): This metric measures strict, bin-by-
bin vertical overlap based on information entropy. It is highly sensitive to
alignment, meaning even a tiny horizontal offset between two identical, sharp
spikes results in a high error penalty, regardless of overall shape similarity.

46



4. Results

A comprehensive statistical summary of the temporal mean, variance (Var.), stan-
dard deviation (SD, σ), minimum (Min), and maximum (Max) values across all four
testing scenarios is shown in Table 4.2 for the WD metric and Table 4.3 for the JSD
metric.

Table 4.2: Statistics of frame-level Wasserstein distance (WD) across
all scenarios and calibration configurations. Lower values indicate closer
frequency distribution agreement with the real-world sensor logs.

Scenario Model Layer Mean Var. SD (σ) Min Max
(×10−6)

A (Dry) BL 0.7022 72.2124 0.0085 0.6907 0.7318
PM-BF 0.1228 14.6298 0.0038 0.1129 0.1305
FA,full 0.0166 7.0865 0.0027 0.0128 0.0213
FA,red 0.0174 3.1169 0.0018 0.0150 0.0228
F̄ full

Ouster 0.0299 6.7679 0.0026 0.0242 0.0353
F̄ red

Ouster 0.0160 8.9661 0.0030 0.0111 0.0240
B (Wet) BL 0.7981 606.9812 0.0246 0.7486 0.8400

PM-BF 0.1257 36.0991 0.0060 0.1123 0.1329
FB,full 0.0116 12.4815 0.0035 0.0063 0.0215
FB,red 0.0109 29.1016 0.0054 0.0065 0.0287
F̄ full

Ouster 0.0240 11.6186 0.0034 0.0165 0.0291
F̄ red

Ouster 0.0214 13.0256 0.0036 0.0138 0.0293
C (Dry) F̄ full

Ouster 0.0360 18.3784 0.0043 0.0244 0.0493
F̄ red

Ouster 0.0112 6.5465 0.0026 0.0077 0.0203
D (Wet) F̄ full

Ouster 0.0201 0.1470 0.0004 0.0192 0.0219
F̄ red

Ouster 0.0168 0.2057 0.0005 0.0157 0.0179
BL: baseline model; PM-BF: proposed model before fitting;
FA,full / FB,full: localized Full Field-of-View (FOV) fitting curves;
FA,red / FB,red: localized Reduced-FOV fitting curves;
F̄ full

Ouster: master Full-FOV fitting curve;
F̄ red

Ouster: master Reduced-FOV fitting curve.
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Table 4.3: Statistics of frame-level Jensen–Shannon distance (JSD)
across all scenarios and calibration configurations. Lower values indicate
closer frequency distribution agreement with the real-world sensor logs.

Scenario Model Layer Mean Var. SD (σ) Min Max
(×10−3)

A (Dry) BL 0.8738 0.0284 0.0053 0.8661 0.8881
PM-BF 0.7595 0.5475 0.0234 0.6709 0.8133
FA,full 0.5072 6.5142 0.0807 0.2634 0.7034
FA,red 0.5195 5.7295 0.0757 0.2774 0.6984
F̄ full

Ouster 0.5540 4.3601 0.0660 0.3422 0.7191
F̄ red

Ouster 0.5424 5.5854 0.0747 0.2852 0.7278
B (Wet) BL 0.8952 0.2096 0.0145 0.8718 0.9230

PM-BF 0.8044 0.7284 0.0270 0.7405 0.8693
FB,full 0.5142 5.5400 0.0744 0.3268 0.7018
FB,red 0.5285 12.3498 0.1111 0.3201 0.7412
F̄ full

Ouster 0.6093 2.0476 0.0452 0.4596 0.7364
F̄ red

Ouster 0.6187 1.8500 0.0430 0.4835 0.7382
C (Dry) F̄ full

Ouster 0.4414 34.1157 0.1847 0.0120 0.7265
F̄ red

Ouster 0.3837 47.5624 0.2181 0.0204 0.7111
D (Wet) F̄ full

Ouster 0.5369 2.8761 0.0536 0.3570 0.7341
F̄ red

Ouster 0.5705 1.3179 0.0363 0.4375 0.7260
BL: baseline model; PM-BF: proposed model before fitting;
FA,full / FB,full: localized Full Field-of-View (FOV) fitting curves;
FA,red / FB,red: localized Reduced-FOV fitting curves;
F̄ full

Ouster: master Full-FOV fitting curve;
F̄ red

Ouster: master Reduced-FOV fitting curve.
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4.2.1 Evaluation in Generalization Scenarios (Scenarios A
and B)

The continuous frame-by-frame metric evaluation for Scenario A (Dry) and Scenario
B (Wet) are shown in Figures 4.7 and 4.8. To fully focus on the performance of the
fitted mapping, the high-error uncalibrated models are omitted from these figures.

Figure 4.7: Continuous frame-level temporal evolution of the Wasserstein distance
(top) and Jensen–Shannon distance (bottom) across the Scenario A (Dry) trajec-
tory, focusing on the scenario specific and master configurations of the proposed
calibration model.

As reflected in Table 4.2, the baseline simulated model (BL) performs poorly in
the Wasserstein distance, obtaining high mean errors of 0.7022 (Scenario A) and
0.7981 (Scenario B) because it ignores key physical factors like incidence angles and
material-specific reflectivity behavior. Introducing our uncalibrated physics model
(PM-BF) decreases the Wasserstein mean to 0.1228, proving that the range equa-
tions and material-dependent reflectivity successfully introduce these characteristics
into the model.

Using the empirically mapped fitting curves allows to reduce the order-of-magnitude
of the error, collapsing the Wasserstein mean to 0.0166 for FA,full and 0.0116 for
FB,full. The continuous timelines show better results for the Reduced-FOV config-
urations (Fred and F̄ red), although in the case of Scenario B, the scenario-specific
fitting curves clearly perform better than the master functions. When comparing
the generalized master curves (F̄Ouster), it is observed that the Reduced-FOV master
curve F̄ red

Ouster consistently performs better than the Full-FOV master curve F̄ full
Ouster

in both scenarios.
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Figure 4.8: Continuous frame-level temporal evolution of the Wasserstein distance
(top) and Jensen–Shannon distance (bottom) across the Scenario B (Wet) trajec-
tory, focusing on the scenario specific and master configurations of the proposed
calibration model.

4.2.2 Evaluation in Validation Scenarios (Scenarios C and
D)

To prove the generalization capacity of the fitting curves and models, Figures 4.9
and 4.10 show the continuous evaluation of the traditional metrics in the validation
scenarios using only the generalized master curves.

The statistical analysis shown in Table 4.2 confirms the stability of the master curves
in unseen scenarios. In Scenario C, the master Reduced-FOV calibration establishes
the lowest error with a mean WD of 0.0112 (compared to 0.0359 for the Full-FOV
fitting curve). In the wet track (Scenario D), the error presents a mean WD of
0.0201 (Full-FOV) and 0.0168 (Reduced-FOV). The roughly constant and flat lines
along the whole recording demonstrate that the calibration parameters are correctly
approximating the physical hardware behavior rather than overfitting to specific
environmental layouts.

4.2.3 Jensen–Shannon Distance Analysis

In sharp contrast to the descriptive and clear differences shown in the Wasserstein
profiles, the JSD results (lower panels across Figures 4.7 to 4.10) collapse into a
tight, highly synchronized region, following nearly identical paths regardless of the
fitting curve used.
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Figure 4.9: Continuous frame-level temporal evolution of the Wasserstein distance
(top) and Jensen–Shannon distance (bottom) across the validation Scenario C (Dry)
using master fitting curves.

Figure 4.10: Continuous frame-level temporal evolution of the Wasserstein dis-
tance (top) and Jensen–Shannon distance (bottom) across the validation Scenario
D (Wet) using master fitting curves.
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This behavior occurs because raw LiDAR intensity histograms present sharp, dis-
crete spikes and valleys. Because JSD relies on a strict bin-to-bin comparison, any
small horizontal shift or bin offset between simulation and reality triggers a penalty,
masking the broad alignment improvements achieved by calibration.

4.3 Spherical Harmonic Energy Distance Evalua-
tion

The final evaluation utilizes the proposed spherical harmonic (SH) energy descrip-
tor to compare the angular intensity structures of real and simulated LiDAR point
clouds. While traditional distribution-based metrics analyze the frequency of reflec-
tive values, they entirely discard spatial topology by treating points independently
of their physical location. In contrast, the SH energy method preserves the direc-
tional distribution of intensity across the sensor’s field of view. Hence, it evaluates
not only which intensity values are produced in the simulation, but also whether
they are generated in the correct spatial geometries within the scene.

Figure 4.11 illustrates the complete visual pipeline of this evaluation framework.
For any given frame, the raw 3D point clouds from both the real log and the digital
twin are converted into spherical coordinate intensity samples. The SH coefficients
are then estimated for each individual frame, from which the coordinate-invariant
energy descriptors are computed. The final frame-level distance is calculated as the
weighted structural difference between the real and simulated energy descriptors.
Because this metric remains sensitive to frame-level spatial intensity distributions
while remaining tolerant to local geometric mismatches and small sensor/vehicle
pose discrepancies, it is a more suitable tool for evaluating simulated LiDAR inten-
sity in continuous simulation along extended trajectories.

Figure 4.11: Workflow of the spherical harmonic energy distance evaluation. Raw
point clouds are mapped into spherical intensity projections, followed by degree-
wise spherical harmonic coefficient expansions to derive a rotation-invariant distance
metric.
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4.3.1 Validation of the Spherical Harmonic Evaluation Met-
ric: Frame-Shift Sensitivity Analysis

To establish the mathematical validity, sensitivity, and baseline behavior of the pro-
posed spherical harmonic energy distance metric prior to evaluating the simulation
framework, an autocorrelation check was conducted. This check isolates the metric
from any simulation artifact or effect by comparing a real-world log sequence from
Scenario A against temporally shifted versions of itself.

This validation is framed through two different but complementary perspectives:
a continuous temporal profile and an aggregated displacement analysis. First, the
continuous real-world point cloud stream was evaluated against its own timeline
using short, fixed frame offsets of ∆t ∈ {0, 5, 10, 15} frames. Because the sensor pose
is different along the trajectory, increasing the frame offset directly correlates to a
progressive geometric and environmental decorrelation between the paired frames,
while a shift of zero frames serves as a baseline control.

Figure 4.12 illustrates the continuous evolution of the energy distance under these
controlled frame-shift configurations. At an offset of zero frames (∆t = 0, repre-
senting identity mapping), the energy distance evaluates to exactly zero across the
entire log sequence, verifying the absence of systemic mathematical bias or back-
ground noise within the calculation pipeline. Furthermore, as the frame shift scales
to 5, 10, and 15 frames, the energy distance displays increasing or pronounced peaks
and overall energy distance.

Figure 4.12: Autocorrelation validation of the spherical harmonic energy distance
metric using short temporally shifted sequences (∆t ∈ {0, 5, 10, 15} frames) of the
real-world Scenario A log.

To map this behavior across a wider operational spectrum, a secondary analysis was
conducted. Figure 4.13 plots the discrete profile of the energy distance computed
across the entire recording for every individual frame shift step from 0 to 20 on the
horizontal axis. Each individual displacement increment is represented by a central
point marker indicating the energy distance mean, bounded by a vertical error bar
denoting ±1 standard deviation (σ).
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Figure 4.13: Sensitivity profile of the spherical harmonic energy distance as a
function of discrete frame shift displacement from 0 to 20 frames. Central point
markers denote the energy distance mean, while the vertical error bars represent the
±1 standard deviation (σ).

The resulting sensitivity curve reveals a clear and steady progression: as the frame
displacement expands from 0 to 20, the discrete point markers’ average value in-
crease, reflecting the gradual decay of environmental similarity. The vertical error
bars illustrate the structural variance encountered along the trajectory, where the
expansion of the error intervals at higher frame shifts reflects the alternating ge-
ometry similarity of the environment in each of the scenes. Because the error bars
display a controlled evolution and do not exhibit random overlapping between dis-
tant steps, this analysis confirms that the spherical harmonic energy distance metric
works as a highly stable, predictable, and mathematically valid metric for spatial
intensity distribution validation.

4.3.2 Continuous Distance Evolution in Reference Configu-
rations (Scenarios A and B)

As it was done in the traditional evaluation metrics section, instead of limiting the
evaluation with the SH energy distance metric to isolated static frames, the energy
distance was computed continuously across the entire duration of each scenario log.
This continuous analysis gives a better understanding of the sensor behavior and
reaction to changes in the environment.

Figures 4.14 and 4.15 present the continuous time-series profiles of the energy dis-
tance along Scenario A (Dry) and Scenario B (Wet), respectively. To provide a thor-
ough analysis of the different uncalibrated and calibrated models, the evaluation is
divided into two distinct graphs. Panel (a) in each figure displays the comprehensive
baseline comparison, plotting the original basic implementation (BL), the proposed
model before fitting (PM-BF), the individual scene-specific fitting models’ curves,
and the two final master fitting curves (F̄ full

Ouster and F̄ red
Ouster). Panel (b) focuses the

54



4. Results

analysis strictly to the four newly developed cubic fitting curves to examine the exact
performance trade-offs between scene-specific and generalized parameter mappings.

(a) All Models Comparison

(b) Fitted Models Comparison

Figure 4.14: Continuous spherical harmonic energy distance evolution along the
full recording of Scenario A (Dry Environment). Panel (a) contrasts the uncalibrated
models against the fitted curves, while Panel (b) presents the differences between
scene-specific and master curves.

Figures 4.14a and 4.15a reflect the high sim-to-real gap between the real sensor be-
havior and the simulated output of the baseline and uncalibrated models. However,
once any variations of the cubic polynomial fitting are applied, the energy distance
drops significantly and remains consistently low throughout the entire duration of
the recordings.
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(a) All Models Comparison

(b) Fitted Models Comparison

Figure 4.15: Continuous spherical harmonic energy distance evolution along the
full recording of Scenario B (Wet Environment). Panel (a) contrasts the uncalibrated
models against the fitted curves, while Panel (b) presents the variances between
scene-specific and master curves.
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When analyzing the models using the fitted curves (Figures 4.14b and 4.15b), a
similar behavior to the one presented in the evaluation using WD, is observed: the
scene-specific fitting curves which are optimized directly on the unique material con-
figurations and geometries of their respective trajectories, yield in general the lowest
energy distance values, but this might be due to an overfitting of the specific scenar-
ios. More importantly, the master curves, especially the master Reduced-FOV curve
F̄ red

Ouster, closely track these scene-specific curves in both scenarios. This small perfor-
mance degradation observed when switching from a scene-specific local curve to an
averaged master function validates the stability of the parameter averaging process,
confirming that the master equations retain spatial accuracy without overfitting to
a single weather state.

4.3.3 Generalization Capabilities Across Unseen Trajecto-
ries (Scenarios C and D)

To evaluate the true capacity of generalization of the proposed framework and pre-
vent over-parameterization, the master calibration curves were used again within the
unseen testing environments, Scenario C and Scenario D. Because these scenarios
were entirely omitted from the initial quantile-matching fitting phases, they serve
as a strict validation layer. Hence, scene-specific curves are not analyzed for these
trajectories.

Figure 4.16 tracks the continuous energy distance profiles along Scenarios C and D,
comparing only the master Full-FOV (F̄ full

Ouster) and master Reduced-FOV (F̄ red
Ouster)

equations against the uncalibrated baseline outputs. The steady energy distance
values observed across the whole recordings, demonstrates that the master calibra-
tion curves do not only correct for localized spatial errors, but instead successfully
represent a generalized sensor transfer function capable of executing reliably across
diverse simulation environment layouts and weather conditions. It is observed that
clearly the Reduced-FOV mapped curve F̄ red

Ouster outperforms the Full-FOV fitting
curve F̄ full

Ouster.

4.3.4 Quantitative Statistical Summary
To complement the time-series profiles with exact numerical bounds, a complete
descriptive statistical analysis was conducted for every scenario across each model.
Table 4.4 aggregates the calculated temporal mean, standard deviation (SD), tempo-
ral variance (Var.), minimum, and maximum values extracted from the continuous
energy distance logs.

The numerical distributions show agreement and correlation with the visual trends
from the time-series figures. The master curves exhibit not only a significantly lower
mean distance compared to the baseline, but also a compressed standard deviation
and tighter Min/Max bounds. This statistical decrease proves that the proposed
empirical calibration method minimizes erratic intensity fluctuations and stabilizes
the overall energy structure of the simulated point clouds.
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(a) Scenario C: Master Curves

(b) Scenario D: Master Curves

Figure 4.16: Continuous spherical harmonic energy distance tracking across unseen
Scenarios C and D, demonstrating the generalization capability of the two master
calibration curves.
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Table 4.4: Comprehensive descriptive statistics of the continuous frame-level spher-
ical harmonic energy distance logs across all scenarios and model configurations.
Lower values indicate closer agreement with the real-world sensor logs.

Scenario Model Mean Var. SD (σ) Min Max
A (Dry) BL 1490.14 191.63 13.84 1467.91 1538.24

PM-BF 259.11 75.39 8.68 236.71 276.01
FA,full 26.91 54.54 7.38 11.48 40.54
FA,red 13.31 6.94 2.63 8.96 23.19
F̄ full

Ouster 74.22 64.43 8.03 54.17 90.10
F̄ red

Ouster 14.24 42.18 6.49 4.63 33.71
B (Wet) BL 1676.12 1835.56 42.84 1575.45 1738.01

PM-BF 266.77 481.33 21.94 204.23 287.36
FB,full 23.63 205.71 14.34 5.10 69.65
FB,red 21.01 426.55 20.65 7.58 89.47
F̄ full

Ouster 44.60 110.22 10.50 24.17 59.55
F̄ red

Ouster 35.54 124.91 11.18 16.19 64.46
C (Dry) F̄ full

Ouster 90.93 98.30 9.91 61.37 110.88
F̄ red

Ouster 12.88 20.50 4.53 5.56 26.13
D (Wet) F̄ full

Ouster 40.20 3.29 1.81 35.76 43.84
F̄ red

Ouster 28.34 2.73 1.65 24.15 31.32
BL: baseline model; PM-BF: proposed model before fitting;
FA,full / FB,full: localized Full Field-of-View (FOV) fitting curves;
FA,red / FB,red: localized Reduced-FOV fitting curves;
F̄ full

Ouster: master Full-FOV fitting curve;
F̄ red

Ouster: master Reduced-FOV fitting curve.
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5
Discussion

This chapter discusses the main findings from the results and their implications for
LiDAR intensity simulation and evaluation. The discussion focuses on three aspects:
the interpretation of the proposed intensity model, the role of vendor-specific fitting,
and the difference between traditional distribution-based metrics and the proposed
geometry-tolerant evaluation method. Limitations are discussed within each part
where they are most relevant.

5.1 Interpretation of the Intensity Model Results
This section discusses how the intensity model results should be interpreted. The
focus is not only on whether the proposed model gives a closer match to the real-
world reference data, but also on the factors that limit this comparison. These
include the choice of fitting data, the difficulty of reproducing complex materials in
the digital twin, variations in surface reflectivity under different conditions, and the
remaining gap caused by sensor-specific processing.

5.1.1 Overall Improvement of the Proposed Model
The results indicate that the proposed intensity model improves the agreement be-
tween simulated LiDAR intensity and the real-world reference data. Compared with
the baseline model, the proposed model introduces physically motivated dependen-
cies on range, incidence angle, and material reflectivity. These factors allow the
simulated intensity to vary more realistically across different parts of the scene,
instead of being determined only by a simple or fixed intensity assignment.

This improvement is visible in the intensity distributions and in the numerical com-
parison metrics. After applying the complete intensity pipeline, the simulated in-
tensity distribution becomes closer to the reference distribution. This suggests that
the proposed model captures part of the behavior observed in the real LiDAR data.
In particular, it helps represent the fact that different surfaces do not produce the
same return strength, and that the same surface can produce different responses
depending on distance and viewing angle.

However, the improvement should be interpreted carefully. The reference intensity
used in this thesis is a calibrated reflectivity-derived quantity rather than raw re-
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ceived optical power. Therefore, the objective is not to reproduce the complete
physical sensing process inside the LiDAR sensor. Instead, the model aims to pro-
duce simulated intensity values that are more comparable to the recorded reference
representation. In this sense, the results show improved similarity to the real-world
reference data, but they should not be interpreted as a full physical validation of
the sensor response.

5.1.2 Choice of Fitting Data

A key factor in the fitting result is the choice of data used to estimate the relation-
ship between the simulated model output and the real-world reference intensity. In
principle, it would be desirable to fit the model using data that covers the full range
of reflectivity values observed in a real driving environment. This would include
low-reflectivity road surfaces, medium-reflectivity infrastructure, vegetation, vehi-
cles, signs, lane markings, and other highly reflective objects. In practice, however,
constructing such a fitting dataset is difficult because the same range of materials
and objects must be present in both the real-world recording and the corresponding
simulated scene.

Two possible strategies can be considered. The first strategy is to use a LiDAR
configuration or selected view where the sensor mainly observes the ground. In this
case, the visible material range is more limited and the scene is easier to control.
The intensity distribution is dominated by a smaller number of surface types, such
as asphalt, gravel, dirt, or rubble-like road materials. Since these materials are
relatively easier to reproduce in the digital twin, the comparison between real and
simulated data becomes more stable. This makes the fitting result easier to interpret,
because fewer errors are introduced by mismatched objects or complex material
composition.

The second strategy is to use a LiDAR view that observes a wider surrounding envi-
ronment. This can include vegetation, buildings, road infrastructure, other trucks,
fences, and other scene objects. Such data may cover a broader reflectivity range and
may therefore seem more suitable for fitting a general intensity model. However, it
is also much harder to reproduce accurately in simulation. Even when the simulated
scene is built to correspond to the real environment, there may be differences in ob-
ject placement, object shape, surface material, and local details. These differences
affect the fitting result and make it harder to distinguish whether an error is caused
by the intensity model or by the mismatch between the real and simulated scene.

For this reason, the main experiments focus on the more controlled fitting setup. The
ground-focused case provides a cleaner comparison because the number of dominant
materials is smaller and the simulated scene can better approximate the real one.
This does not limit the model’s utility to ground surfaces, but indicates that the
fitting result from this setup is less affected by uncontrolled scene differences. A
wider surrounding-scene fitting setup can still be useful in future work, but its
result should be interpreted with greater caution.
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5.1.3 Scene and Material Mismatch
One important limitation of fitting the model using complex scenes is the mismatch
between real-world materials and their simulated representation. In the real world,
a single object can contain many different surface materials. For example, a truck
may contain rubber tires, glass windows, painted metal, plastic parts, lights, and
reflective elements. Each of these surfaces can have a different reflectivity response.
In the simulation, however, the ray-casting pipeline may only provide a simplified
material or object-level description at the hit point. If the whole object is represented
using one material class, then the simulated return cannot reproduce the material
variation present in the real object.

This creates a gap between the real and simulated intensity even if the geometric
position of the object is approximately correct. A point hitting a truck in the real-
world data may correspond to a tire, a window, or a painted metal surface, while
the corresponding simulated point may only be treated as a generic truck material.
The fitted model must then compensate for these material-label errors, which can
distort the estimated mapping. In this case, the fitting error does not only reflect
the quality of the intensity model, but also the quality of the scene representation
and material annotation.

The same problem also appears for other complex objects. Vegetation can vary
strongly depending on leaf density, branch structure, moisture, and viewing direc-
tion. Buildings can contain glass, concrete, metal, painted surfaces, and shadows.
Road infrastructure can include signs, poles, lane markings, barriers, and reflective
materials. If these are simplified in the digital twin, then the simulated intensity
distribution may differ from the real-world reference data for reasons unrelated to
the intensity formula itself.

This complicates fitting over the full reflectivity range. A broad material range
is useful for learning a general mapping, but it also increases the probability of
mismatch between the real and simulated scene. Therefore, the fitting result should
be interpreted as the combined effect of the intensity model, the material assignment,
and the fidelity of the digital twin. Improving the intensity model alone may not be
sufficient if the simulation does not provide sufficiently accurate material information
at the ray hit points.

5.1.4 Reflectivity Variation Under Different Conditions
Another source of uncertainty is that real surface reflectivity is not constant. Even
for the same material, the measured LiDAR intensity can change depending on
surface condition and environment. Road surfaces may appear different when they
are dry, wet, dusty, worn, or covered by small particles. Real surfaces also vary due
to aging, dirt, moisture, texture, and local roughness. These factors change how the
laser pulse interacts with the surface and can alter the returned intensity.

Weather conditions further increase this variation. In sunny and dry conditions, the
reflectivity behavior may be relatively stable for many road materials. Under rainy
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conditions, however, wet surfaces can produce different responses due to changes
in surface scattering and specular reflection. Water on asphalt, for example, may
change both the magnitude and angular behavior of the returned signal. Rain, fog, or
airborne particles can also affect propagation and the received return. Therefore, a
mapping fitted under one condition may not directly generalize to another condition.

In the current work, the main experiments are based on controlled conditions, such
as sunny or dry data. This makes the fitting problem more manageable and reduces
the number of uncontrolled variables. However, it also means that the resulting
model should not be assumed to fully describe all weather conditions. A possible
extension is to perform separate fittings for different environmental conditions, such
as dry and rainy cases. These fitted relationships could then be interpolated or
blended based on a rain-level or surface-wetness parameter.

Such interpolation would still be an approximation. The real change in reflectivity
under weather variation is likely nonlinear and material-dependent. For example,
wet asphalt, wet vegetation, and wet metal surfaces may not change in the same
way. The effect may also depend on incidence angle and range. Therefore, a simple
averaged or interpolated mapping can improve practical simulation behavior, but
it should not be interpreted as a complete physical model of weather-dependent
reflectivity.

5.1.5 Sensor-Specific Processing Gap
A final gap comes from the sensor-specific processing of the recorded intensity value.
The simulated model computes a physically motivated return value based on range,
incidence angle, and material reflectivity. However, the intensity stored in the real-
world point cloud is not simply the raw optical power received by the sensor. It is
a calibrated and encoded value produced after internal sensor processing. This pro-
cessing may include range compensation, sensitivity calibration, nonlinear scaling,
saturation handling, noise filtering, and other vendor-specific operations.

Because the complete internal processing pipeline is not available, it is difficult to
derive an exact analytical function that maps the simulated physical return to the
recorded reference intensity. Simple functions such as linear, logarithmic, power-law,
or saturating mappings can approximate part of the relationship, but they cannot
guarantee a perfect match over the full intensity range. This is especially true for
very low or very high reflectivity values, where sensor noise, thresholding, saturation,
or nonlinear encoding may have a stronger influence.

Therefore, the fitted mapping used in this thesis should be understood as an em-
pirical approximation. Its role is to make the simulated output comparable to the
reference intensity representation, not to reveal or reproduce the exact internal be-
havior of the sensor. This distinction is important when interpreting the results.
A close fit indicates that the simulated intensity can be adjusted to resemble the
recorded calibrated reflectivity distribution under the evaluated conditions. It does
not imply that the underlying sensor electronics or proprietary processing have been
physically reconstructed.
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This sensor-specific gap also affects generalization. A mapping fitted for one sen-
sor type, configuration, or data representation may not transfer directly to another
LiDAR sensor or another intensity encoding. Even for the same sensor, different
firmware settings, return profiles, or calibration procedures may affect the recorded
intensity values. As a result, the proposed pipeline should be seen as a flexible
framework: the physically motivated model provides the basic structure, while the
empirical fitting step adapts the output to the specific reference data used for eval-
uation.

5.2 Comparison Between Traditional Metrics and
the Proposed Evaluation Method

This section discusses the difference between the traditional distribution-based met-
rics and the proposed spherical harmonic energy-based evaluation method. Both
types of metrics are useful, but they measure different aspects of the similarity be-
tween real and simulated LiDAR intensity. The traditional metrics provide a direct
comparison of intensity value distributions, while the proposed method also consid-
ers how intensity is distributed around the sensor.

5.2.1 Role of Traditional Distribution-Based Metrics

The Wasserstein distance and Jensen–Shannon distance provide useful baseline met-
rics for comparing real and simulated LiDAR intensity. They are simple to compute,
do not require point-wise correspondence, and directly measure whether two frames
contain similar intensity values in similar proportions. This makes them suitable for
a first comparison between the reference data and different simulation models.

However, these metrics only compare the intensity distribution of each frame. They
do not consider the spatial or angular location of the points. For example, a sim-
ulated frame may contain a similar number of low-, medium-, and high-intensity
points as the real-world reference frame, but these values may appear in different
directions or on different scene structures. In this case, the histogram-based dis-
tance may still be low even though the simulated intensity pattern is not physically
or visually similar to the real frame.

Conversely, a high distribution-based distance may occur even when the angular
structure is well preserved. A simulated frame may reproduce the general directional
structure of the real intensity pattern, but still have a global scale difference or a
slightly different intensity distribution. Traditional distribution-based metrics may
then report a larger difference, even though the simulated frame preserves important
structural characteristics. Therefore, these metrics are useful for measuring global
intensity statistics, but they are not sufficient for evaluating the spatial organization
of intensity within the LiDAR frame.
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5.2.2 Need for Directional Intensity Comparison
A more informative evaluation should consider not only which intensity values occur,
but also where they occur around the sensor. In LiDAR data, different directions
correspond to different scene regions, such as road surfaces, vegetation, buildings,
or vehicles. A realistic simulation should therefore reproduce not only the overall
intensity distribution, but also its approximate angular structure.

At the same time, exact point-wise comparison is not reliable because the digital twin
is not a perfect copy of the real environment, the geometry used for ray casting is
simplified, and small pose differences can shift many points. The proposed spherical
harmonic energy distance addresses this by representing each frame as an angular
intensity function and comparing degree-wise energy, avoiding direct point-to-point
matching while preserving directional structure.

In this thesis, relatively low-order spherical harmonic components and decreasing
degree weights were used. This emphasizes the overall angular pattern rather than
high-frequency local details, making the descriptor more tolerant to local geometric
mismatch and small pose differences.

5.2.3 Limitations of the Spherical Harmonic Energy Method
Although the spherical harmonic energy distance provides a useful geometry-tolerant
frame-level comparison, it also has several limitations. First, because the descrip-
tor uses a limited maximum spherical harmonic degree and emphasizes lower-order
components, it mainly captures coarse angular intensity structure. Small high-
reflectivity objects, narrow lane markings, or sharp local intensity changes may be
suppressed. Increasing the maximum degree would allow the method to capture finer
details, but it would also make the descriptor more sensitive to noise, non-uniform
sampling, and local geometric mismatch. Therefore, the choice of maximum degree
and weighting scheme controls the balance between robustness and sensitivity.

Second, the method produces a frame-level distance rather than a localized error
map. It can indicate whether two frames have similar angular intensity structure,
but it does not directly identify which object or region causes the mismatch. This
limits its ability to diagnose local simulation errors. For example, a high distance
value may indicate a difference in angular intensity structure, but additional quali-
tative inspection or local region-based analysis is still needed to determine whether
the error comes from material mismatch, missing objects, pose error, or intensity
scaling.

Third, the coefficient estimation can be affected by the LiDAR field of view, scan
pattern, point density, and preprocessing choices such as invalid-point filtering and
intensity normalization. Since the spherical harmonic coefficients are estimated from
discrete LiDAR samples rather than from a continuous function on the sphere, non-
uniform angular sampling can influence the fitted coefficients. This means that
the descriptor may reflect not only the underlying intensity structure, but also the
sampling properties of the LiDAR sensor and the preprocessing pipeline.
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A further limitation is related to angular coverage. The spherical harmonic rep-
resentation is most meaningful when the LiDAR frame provides sufficiently broad
coverage of the spherical domain. In the ideal case, the intensity samples cover a
large field of view around the sensor, so that the fitted spherical harmonic coeffi-
cients are constrained by observations from many directions. If the available data
only occupy a narrow angular sector, for example a limited horizontal range, the
function approximation on the sphere becomes poorly constrained outside the ob-
served region. In such cases, the estimated coefficients may be strongly influenced
by the limited sampling pattern rather than by the true global angular intensity
structure. Therefore, the spherical harmonic energy distance is more suitable for
full-frame or wide-field LiDAR comparisons, and should be interpreted with caution
when applied to narrow field-of-view subsets.

5.2.4 Complementary Interpretation of the Metrics
The traditional distribution-based metrics and the proposed spherical harmonic en-
ergy distance should be interpreted as complementary rather than competing mea-
sures. The Wasserstein and Jensen–Shannon distances answer whether the simulated
frame has a similar overall intensity distribution to the reference frame. The spher-
ical harmonic energy distance answers whether the simulated frame has a similar
angular intensity structure.

When both types of metrics improve, this suggests that the simulated intensity
becomes closer to the reference data both statistically and structurally. If the
distribution-based metrics improve but the spherical harmonic energy distance does
not, the simulated model may reproduce the correct intensity histogram but place
the intensity values in different parts of the scan. If the spherical harmonic energy
distance decreases but the histogram metrics do not, the simulated frame may bet-
ter reproduce the directional structure while still having differences in the global
intensity scale or distribution.

For these reasons, the spherical harmonic energy distance should not be interpreted
as a complete replacement for traditional metrics or qualitative inspection. Instead,
it provides an additional evaluation perspective that is more informative than global
histograms when geometric mismatch is present, while remaining less sensitive to
local alignment errors than point-wise comparison.

5.3 Future Work
Future work should evaluate the proposed pipeline on a larger number of frames,
locations, and driving scenarios. This would make it possible to assess how well the
fitted vendor-specific mapping generalizes beyond the selected evaluation data.

The material reflectivity model could also be improved by using more detailed spec-
tral and angular reflectance data for relevant road-scene materials, such as asphalt,
lane markings, concrete, vegetation, and metallic objects. Environmental effects
such as wet surfaces, rain, fog, and changing illumination conditions could also be
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included.

The empirical mapping could be further developed using a larger calibration dataset
or more flexible regression methods. This may improve the approximation of cal-
ibrated reflectivity behavior, especially for nonlinear response regions and high-
reflectivity surfaces.

Finally, the spherical harmonic evaluation method could be extended by studying
the influence of maximum harmonic degree, weighting scheme, and frame selection
strategy. It could also be combined with local region-based descriptors to preserve
more spatial detail while maintaining tolerance to imperfect alignment between the
real environment and the digital twin.
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This thesis investigated realistic LiDAR intensity simulation for autonomous driving
systems using a CARLA based digital twin of the AstaZero proving ground. The
work focused on two main objectives: improving the simulated LiDAR intensity
model and developing an evaluation method that can compare simulated and real-
world intensity without requiring exact point-wise alignment.

The real-world reference data were reconstructed from MCAP recordings contain-
ing PointCloudSliver messages. The intensity values were interpreted as a vendor-
specific calibrated reflectivity representation. In the simulation environment, a phys-
ically motivated intensity model was introduced based on range dependent atten-
uation, incidence angle, and material reflectivity. Since the reference intensity is
sensor-processed, an empirical vendor-specific mapping was fitted to transform the
simulated return values into a calibrated reflectivity representation.

The results show that the physically motivated model alone does not directly match
the intensity distribution of the reference data. This is expected because the refer-
ence intensity includes vendor-specific calibration and encoding. After applying the
fitted mapping, the simulated intensity distribution becomes more comparable to
the real world reference distribution. Traditional distribution based metrics provide
a useful frame level comparison of intensity histograms, but they do not consider
the angular or geometric distribution of the points.

To address this limitation, a spherical harmonic energy based evaluation method was
proposed. The method represents each LiDAR frame as an angular intensity function
and compares degree wise spherical harmonic energy descriptors. This provides
a geometry tolerant frame level comparison that preserves information about the
angular intensity structure while avoiding strict point-wise correspondence.

Overall, the thesis demonstrates a practical pipeline for reconstructing real world
LiDAR reference frames, generating physically motivated simulated intensity, fitting
a vendor-specific intensity mapping, and evaluating sim-to-real intensity similarity
using both traditional and geometry-tolerant metrics.
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