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Chapter 1

Introduction

Autonomous driving systems (ADS) represent the combination of hardware
and software that enables a vehicle to drive without human intervention [1].
Nowadays, they are becoming increasingly popular and are attracting grow-
ing interest from both research and industry.

Since they operate in safety-critical scenarios, their misbehavior could put
the safety of the people involved at risk [32]. For this reason, the validation
of ADS represents a crucial step before their deployment in the real world.
Extensive testing is necessary to ensure the safety and reliability of the system
and to identify in advance possible failures or anomalous behaviors before
deployment.

Real-world testing represents the most reliable and trustworthy form of
evaluation, since the ADS behavior is validated in its deployment domain [26].
However, it comes with several drawbacks:

« safety: since it is important to test ADS in safety-critical conditions,
validating an ADS in the real world could put people’s safety in danger;

e cost: employees working on testing must be paid, crashes have an eco-
nomic cost, and real-world experiments require significant resources in
terms of time and money;

e lack of reproducibility: real-world conditions are not stationary. Weather,
lighting conditions, and traffic may change from one run to another. For
this reason, it is impossible to replicate exactly the same test twice in a
real-world scenario. This makes it difficult to isolate whether a change
in the ADS behavior is caused by the system itself or by changes in the
surrounding environment.
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1 — Introduction

To address these drawbacks, several other testing techniques have been
employed. In particular, 2D driving datasets have been used to provide the
driving model with realistic inputs obtained from real driving recordings [35].
However, this testing modality can only be used for model-level testing: only
the driving model is evaluated, and the predicted driving commands do not
control a real vehicle. Therefore, they cannot influence the generation of
subsequent frames.

The use of simulators such as CARLA, SVL Simulator, and AirSim [48,
49, 51}, in the context of ADS testing arose to overcome these limitations.
Simulation-based testing allows reproducible evaluation of the entire system
rather than only the driving model, making it possible to identify failures
caused by cascades of errors that would not emerge in model-level testing
alone. For example, in model-level testing, an incorrect driving command
does not influence the subsequent frames. In system-level testing, instead,
an incorrect output can change the future state of the vehicle and eventually
lead the ADS to bad positions from which it cannot recover.

However, in simulation, testing scenarios are only a simplified approxi-
mation of real-world environments, as they rely on simplified physics and a
game-engine visual appearance. Since ADS are sensitive to changes in the
input domain [53], these differences may cause an ADS tested in simulation
to exhibit behaviors that do not transfer to the real world [25]. This prob-
lem is known as the sim-to-real gap [45]. Different types of reality gap can
be identified, including the perception gap, which arises from differences be-
tween synthetic and real sensor observations [46], the actuation gap, which
is related to mismatches between simulated and real vehicle dynamics and
control execution [55], and the behavior gap, which depends on differences
in the behavior of other traffic participants in simulation compared with the
real world [55]. In this work, we focus on the perception gap.

The use of novel view synthesis and generative Al techniques has been pro-
posed to mitigate this problem [80, 65], with the aim of providing the driving
model operating in simulation with generated inputs that better resemble the
real world than raw synthetic data [80]. Among recent works, NVIDIA Cos-
mos [78] proposed a platform that allows the use of these techniques for both
model-level and system-level testing.

In this work, we propose a framework that enables the use of driving data
within 3D simulators for system-level testing with different neural rendering
techniques, in order to compare their effectiveness in terms of the driving
behavior of a self-driving model rather than relying only on image quality
metrics, which have been shown to be insufficient [94].
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1 — Introduction

We trained an end-to-end camera-based driving model based on the NVIDIA
PilotNet architecture [21] using driving recordings that we collected. We then
deployed the model on a full-size vehicle to record the driving data used in
our evaluation. Starting from these recorded driving data, we used the frame-
work to reconstruct the driving scenario inside the CARLA simulator and to
train different neural rendering techniques to generate visual inputs for the
driving model when tested in simulation.

We evaluate the tested techniques, in particular Stable Diffusion (SD) [62],
Neural Radiance Fields (NeRF) [59], and 3D Gaussian Splatting (3DGS) [60],
by comparing the behavior of the driving model in simulation with these
techniques against its behavior in the real-world baseline recordings.

To guide this evaluation, we formulate three research questions.

RQ1) Scenario Reconstruction Fidelity. How accurate is the parked
vehicle detection component of our framework at estimating parked vehicle
coordinates in real-world driving scenarios? Does the framework successfully
reconstruct real-world recorded driving scenarios in simulation? This deter-
mines whether the proposed framework faithfully recreates in simulation the
recorded scenarios used as the basis of the evaluation.

RQ2) Generated Image Quality. Do Stable Diffusion, NeRF, and 3DGS
produce images that resemble real-world ones? Which of these techniques
generates the most similar images compared to their real-world counterparts?
This measures the visual fidelity of the generated images through reconstruc-
tion metrics.

RQ3) System-Level Behavior. How does the driving model behave in
system-level testing with synthetic images and different image generation
techniques, compared to real-world driving in the same scenario? This shows
which technique better aligns the driving behavior with the real-world base-
line and whether the behavioral results are consistent with the image quality
metrics.
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Chapter 2

Background and Related
Work

This chapter introduces the key concepts required for this work. It provides
background on autonomous driving systems and the challenges involved in
testing them, discusses simulation-based testing and the sim-to-real gap, and
presents neural rendering techniques proposed to address this gap. In addi-
tion, the chapter reviews relevant related work, including approaches that
are comparable to the methods explored in this thesis.

2.1 Autonomous Driving Systems

An autonomous driving system refers to the combination of software and
hardware that enables a vehicle to drive without human intervention. ADS
receive input data from onboard sensors and produce the commands required
to navigate a road environment (e.g., steering, throttle, and braking) [1]. To
perceive the environment, ADS generally employ cameras or LIDAR as their
primary sensors[2, 3], either in isolation or in combination. The driving
models are typically divided into two main architectural types: modular and
end-to-end [5].

2.1.1 Modular Pipeline

Modular driving models decompose the autonomous driving task into multi-
ple modules, each responsible for a specific function [6]. A typical modular
pipeline consists of the following components:
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2 — Background and Related Work

o Perception module: processes data from onboard sensors such as cam-
eras, LIDAR, or radar to detect and classify relevant elements of the
environment. Typical perception tasks include object detection, lane
detection, and traffic sign recognition. Common techniques include con-
volutional neural networks or Computer vision techniques for object de-
tection [7, 8.

e Localization module: estimates the vehicle’s position and orienta-
tion within a map of the environment. This module typically fuses
information from multiple sensors such as GPS, inertial measurement
units (IMU), LiDAR, or cameras. Techniques such as visual odome-
try, LIDAR-based localization, or simultaneous localization and mapping
(SLAM) are commonly used [9].

e Planning module: determines how the vehicle should navigate the en-
vironment. Planning is often divided into two stages. A global planner
computes a high-level route on a road map from the current location to
the destination, while a local planner generates a feasible and safe trajec-
tory that the vehicle can follow while avoiding obstacles and respecting
dynamic constraints [10].

o Control module: converts the planned trajectory into low-level driving
commands such as steering, throttle, and braking. Control algorithms
such as PID controllers, model predictive control (MPC), or pure pur-
suit controllers are commonly used to ensure that the vehicle accurately
follows the planned trajectory [11].

This architecture offers several advantages. Because each component per-
forms a well-defined task, individual modules can be analyzed, validated,
and improved independently [12]. However, modular pipelines also introduce
limitations. Errors in upstream modules may propagate through the system
and affect downstream decisions [14]. Communication between modules may
introduce latency [15].

Popular examples of Modular ADS include Baidu’s Apollo[16] and Autoware[17]
which have been widely adopted and evaluated in both industry and Ac-
cademia [18, 19, 20].

2.1.2 End-to-End

A popular architectural choice in autonomous driving systems is the use of
end-to-end deep neural network models [21]. These approaches aim to learn a
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2.2 — Testing Autonomous Driving Systems

direct mapping from sensor observations to driving actions using data-driven
methods.

In end-to-end architectures, the driving model directly predicts control
commands such as steering, throttle, and braking from raw sensor inputs,
typically camera images[22]. Because the system is trained to optimize the
driving task as a whole, it avoids the need for explicitly designed interme-
diate modules such as perception, localization, or planning. This allows the
model to jointly learn representations and decision policies that may capture
complex relationships between perception and control [24]. End-to-end ap-
proaches have demonstrated promising results in several autonomous driving
settings, including imitation learning systems and reinforcement learning-
based driving agents [23].

However, the absence of explicit intermediate components also introduces
important challenges. End-to-end models rely heavily on the statistical prop-
erties of the training data and can therefore be sensitive to distribution shifts
in the input domain, such as changes in lighting, weather, or sensor charac-
teristics [22]. In addition, because the internal decision process is not de-
composed into interpretable modules, it is often more difficult to analyze
and diagnose the causes of system failures compared to modular pipelines
[24].

In this work, we focus on testing end-to-end driving models. These sys-
tems are widely studied in recent research and provide a relatively lightweight
architecture compared to complex modular pipelines. Moreover, because
perception constitutes the primary input to the model and directly influ-
ences the predicted control commands, perception-related errors can prop-
agate through the entire system. This makes end-to-end models particu-
larly sensitive to visual domain shifts, and therefore especially relevant for
studying the sim-to-real gap which arises when testing real-world systems in
simulation|25].

2.2 Testing Autonomous Driving Systems

Before deploying an autonomous driving system (ADS) on public roads, its
behavior must be thoroughly evaluated to ensure safety and reliability [26].
Failures in autonomous driving systems can lead to serious real-world conse-
quences, including traffic accidents, injuries, and loss of life.

Several recent incidents highlight the importance of rigorous testing. In
September 2024, a crash involving a Tesla Model S equipped with Autopilot
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2 — Background and Related Work

and Full Self-Driving features resulted in the loss of three lives [32]. Legal
scrutiny regarding such failures is also increasing. In 2025, a jury found Tesla
partially liable for a 2019 accident in which self-driving software was active
when a pedestrian was killed and another injured, citing the ADS’s failure to
alert the driver [33]. More recently, in January 2026, the National Highway
Traffic Safety Administration opened an investigation after a Waymo ADS
vehicle struck a child, causing minor injuries [34]. These events illustrate the
potential risks associated with autonomous driving technologies and under-
line the need for systematic testing before deployment.

Several testing approaches have been proposed in both research and indus-
try. In this section, we describe two main evaluation paradigms: model-level
testing and system-level testing.

2.2.1 Model-Level Testing

Model-level testing evaluates the driving model in isolation using prerecorded
datasets [35]. The model receives sensor observations as input and pro-
duces predicted control commands such as steering, throttle, and braking.
These predictions are compared with reference commands representing the
correct driving behavior for each sample using metrics such as mean squared
error[36]. Public driving datasets containing sensor data and ground-truth
driving commands are commonly used for this purpose [37].

This testing modality has several advantages. It is computationally effi-
cient, simple to implement, and highly reproducible because the same dataset
can be reused across experiments [35]. For these reasons, model-level test-
ing is widely used for benchmarking and comparing different driving models.
Popular datasets used for this purpose include Cityscapes [38], KITTI [39],
the Waymo Open Dataset [40], and Comma2k19 [41]. These datasets pro-
vide recorded sensor observations together with annotations such as object
bounding boxes, semantic segmentation labels, or LIDAR point clouds, and
in some cases driving commands or vehicle trajectories collected during real-
world driving.

However, model-level testing also has important limitations. Because the
model processes prerecorded inputs, its predictions do not influence future
observations. In real driving, incorrect actions affect the vehicle state and
therefore change the observations received at the next time step. These feed-
back effects cannot be captured by dataset-based evaluation. As a result,
strong performance at the model level is necessary but not sufficient to guar-
antee the correct behavior of an ADS [35].
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2.2.2 System-Level Testing

System-level testing evaluates the ADS while it actively controls a vehicle and
interacts with its environment [12]. In this setting, the control commands
predicted by the model directly influence the motion of the vehicle, creating
a closed feedback loop between the system and the environment.

This testing modality allows the evaluation of the overall behavior of the
ADS over time and can reveal failures that are not observable in model-level
testing [35]. For example, a small steering error may gradually move the
vehicle away from its intended trajectory, producing new observations that
the model may not have encountered during training [23]. At the same time,
errors at one time step may sometimes be mitigated by subsequent corrective
actions, making the closed-loop behavior of the system essential to evaluate
[42].

System-level testing can be performed either with real vehicles in the phys-
ical world or with simulated vehicles in virtual environments.

Real-World Testing

Real-world testing evaluates the ADS on a physical vehicle operating in real
environments [26]. This approach provides the most realistic validation be-
cause the system interacts with real sensor measurements, road conditions,
traffic participants, and environmental variability.

Several works have nevertheless employed real-world testing to evaluate
autonomous driving systems. Notable examples include studies by Guo et
al. [27], Kessler et al. [28], and Testouri et al. [29], where the authors deploy
open-source autonomous driving stacks on physical vehicles and evaluate
their performance in real driving conditions, and Chen et al. [30], where the
authors test an end-to-end driving model on real roads and analyze its be-
havior across highway and urban scenarios. Other works, such as Feng et
al. [31], also conduct real-world experiments to validate autonomous vehicle
testing methodologies using physical vehicles on dedicated test tracks. How-
ever, real-world testing also presents significant challenges. Deploying exper-
imental driving systems on real vehicles is expensive, time-consuming, and
potentially unsafe. In addition, it is difficult to reproduce specific scenarios
or evaluate rare events such as dangerous traffic situations. These limitations
make large-scale testing in the real world impractical during early stages of
development.

In this work, we perform real-world testing of an ADS trained on real-
world data on public roads. These experiments provide camera and LiDAR
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2 — Background and Related Work

recordings together with reference driving behavior. The collected sensor
data are used to train the evaluated techniques, while the recorded driv-
ing behavior serves as a reference for evaluating how closely the simulated
systems reproduce real-world driving.

Simulation-Based Testing

Simulation-based testing evaluates the ADS within a virtual environment
where roads, traffic participants, and environmental conditions are digitally
recreated [55]. The driving system controls a simulated vehicle that receives
synthetic sensor data such as camera images or LiDAR point clouds generated
by the simulator.

Simulation enables large-scale and safe experimentation. Dangerous sce-
narios can be reproduced without risk, and environmental conditions such
as weather, traffic density, or lighting can be systematically varied. These
characteristics make simulation an essential tool for evaluating autonomous
driving systems before real-world deployment.

Several simulators have been developed for autonomous driving research,
including CARLA [48], SVL Simulator [49], and AirSim [51]. Despite their
advantages, simulators cannot perfectly reproduce real-world environments.
Differences in visual appearance, sensor noise, and environmental dynamics
may cause models that perform well in simulation to behave differently in
real-world conditions. This discrepancy is commonly referred to as the sim-
to-real gap [45].

CARLA Simulator CARLA is an open-source simulator designed specifi-
cally for autonomous driving research. It is built on top of the Unreal Engine
game engine, which provides photorealistic rendering and realistic physics
simulation.

CARLA offers a Python application programming interface (API) that
allows users to control the simulation programmatically. Through this in-
terface, it is possible to spawn vehicles and pedestrians, configure traffic
scenarios, and retrieve sensor data generated by the simulated environment.
The simulator supports several sensor types commonly used in autonomous
driving systems, including RGB cameras, LiDAR, radar, GNSS (Global Nav-
igation Satellite System), and IMU (Inertial Measurement Unit) sensors.

CARLA has become a widely used platform for autonomous driving re-
search and benchmarking. It has been employed in numerous studies for
tasks such as end-to-end imitation learning [23, 52|, simulation-based ADS
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2.2 — Testing Autonomous Driving Systems

testing [42], and sim-to-real transferability analysis [25].

The simulator provides several predefined urban environments containing
detailed 3D elements such as buildings, vegetation, and traffic infrastructure.
CARLA also supports custom maps defined using the OpenDRIVE (XODR)
road network format [61]. OpenDRIVE describes the geometric structure of
roads and lanes but does not include detailed 3D scene elements.

As a result, environments generated from custom XODR maps typically
contain only the road geometry and vehicles, while surrounding scene el-
ements such as buildings and vegetation are absent. This leads to visu-
ally simpler environments compared to the predefined CARLA maps and
increases the visual discrepancy between simulated and real-world scenes, as
illustrated in Figure 2.1.

In this work, we use CARLA as the baseline simulation environment on
which we apply the proposed techniques to reduce the sim-to-real gap be-
tween simulated and real-world driving scenes.

(a) Predefined CARLA map (b) Custom XODR map

Figure 2.1: Comparison between a CARLA predefined map and a custom
XODR map.
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2.3 Sim-to-Real Gap Mitigation

The sim-to-real gap arises due to simulators inevitably simplifying many
aspects of the real world. Real environments involve complex physical in-
teractions, unpredictable traffic behavior, diverse weather conditions, and
sensor noise that are difficult to model accurately in simulation [45]. As a re-
sult, the observations perceived by a driving system in simulation may differ
from those encountered during real-world deployment, potentially leading to
unexpected behavior.

One important component of the sim-to-real gap is the perception gap,
which refers to the mismatch between real sensor data and simulated sen-
sor data [46]. For example, images produced by game engines often differ
from real camera recordings in terms of texture, lighting, and overall visual
appearance. These discrepancies are particularly problematic for learning-
based perception systems. Deep neural networks used in autonomous driving
rely heavily on statistical patterns present in their training data. When the
distribution of input data changes, a phenomenon commonly known as do-
main shift, model performance may degrade [53]. As a result, models trained
or evaluated in simulation may fail to generalize correctly to real-world en-
vironments.

This issue is especially relevant for camera-based autonomous driving sys-
tems, where perception relies on visual features extracted from images. Dif-
ferences in illumination, texture realism, and scene composition between sim-
ulated and real images can cause the perception system to produce incorrect
detections or scene interpretations [54]. These perception errors can then
propagate through the driving pipeline and lead to incorrect control deci-
sions. For these reasons, evaluating autonomous driving systems purely in
simulation can lead to misleading conclusions about real-world performance.
Simulation-based evaluation may either underestimate or overestimate the
capabilities of the system under real operating conditions [55].

In this work, we investigate techniques for mitigating the sim-to-real gap in
simulation-based testing. In particular, we apply neural rendering techniques
to reduce the discrepancy between simulated and real sensor observations and
improve the reliability of simulation-based evaluation.
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2.3.1 Neural Rendering Techniques

Several techniques have been proposed to reduce the perception gap between
simulated and real sensor observations. Among the most widely adopted ap-
proaches are generative models and neural rendering methods, which aim to
produce more realistic visual inputs than those generated directly by simu-
lators [65].

Generative models are typically used to translate simulated images into
more realistic ones while preserving their semantic structure [64, 58]. Neural
rendering techniques instead reconstruct scenes from real-world observations
and allow them to be rendered from new viewpoints [56, 57]. Both approaches
aim to reduce the discrepancy between simulated and real data that affects
the behavior of perception-driven autonomous driving systems.

In this section, we introduce the neural rendering techniques considered in
this work. In particular, we describe Stable Diffusion[62] with ControlNet[71]
as a generative image synthesis approach, and NeRF[59] and 3D Gaussian
Splatting[60] as neural rendering techniques for novel view synthesis.

Stable Diffusion and ControlNet

Diffusion models [63] are a class of generative models that learn to synthesize
images by reversing a progressive noise process. During training, Gaussian
noise is gradually added to images until they become random noise. A neural
network is then trained to reverse this process by iteratively removing the
noise and reconstructing the original image distribution.

Stable Diffusion is a latent diffusion model that performs the diffusion pro-
cess in a compressed latent space rather than directly in pixel space. Images
are first encoded into a lower-dimensional representation using a Variational
Autoencoder (VAE) [68]. A U-Net architecture [69] then performs the denois-
ing process in this latent space, and the resulting representation is decoded
back into an image by the VAE decoder. Operating in the latent space
significantly reduces computational cost while maintaining image quality.

The generation process can be guided through textual prompts encoded
by a CLIP text encoder [70]. These embeddings are injected into the U-Net
through cross-attention layers, enabling the model to control the semantic
content of the generated image. However, text conditioning alone provides
limited control over the spatial structure of the generated scene.

ControlNet [71] extends Stable Diffusion by introducing spatial condition-
ing. It augments the original diffusion architecture with an additional net-
work that processes structural inputs such as semantic segmentation maps,

23



2 — Background and Related Work

edge maps, or depth maps. These inputs guide the generation process so that
the resulting image follows the spatial layout of the conditioning signal while
maintaining the realistic appearance produced by the pretrained diffusion
model.

NeRF

Neural Radiance Fields (NeRF) [59] are a neural rendering method for syn-
thesizing novel views of a scene. Given a set of images captured from known
camera positions, NeRF learns a continuous representation of the scene that
allows rendering images from new viewpoints.

The scene is represented by a neural network, specifically a multilayer per-
ceptron (MLP)[72], that maps a 3D spatial position and viewing direction
to two quantities: a volume density and a color value. The density indi-
cates whether a point in space is occupied, while the color represents the
appearance of the scene from a particular viewing direction.

To render an image, rays are cast from the camera through each pixel.
Points are sampled along each ray and evaluated by the network to obtain
their density and color values. These values are then combined using volume
rendering techniques to compute the final color of each pixel.

NeRF models are trained using images of the scene together with their
corresponding camera poses, which can be estimated using structure-from-
motion tools such as COLMAP [74]. Because the rendering process is differ-
entiable, the network can be optimized end-to-end by minimizing the differ-
ence between rendered images and real images.

A limitation of NeRF is that each trained model represents only a single
scene[59]. In addition, rendering can be computationally expensive because
the neural network must be evaluated at many points along each ray for
every pixel[59].

3D Gaussian Splatting

3D Gaussian Splatting [60] is a recent neural rendering technique that rep-
resents a scene using an explicit set of 3D Gaussian primitives rather than a
neural implicit representation.

In this approach, the scene is modeled as a collection of Gaussian elements
positioned in 3D space. Each Gaussian has learnable parameters including its
position, shape, opacity, and view-dependent color represented using spher-
ical harmonics[60]. The initial set of Gaussians is typically obtained from
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the sparse point cloud produced by structure-from-motion algorithms such
as COLMAP[74].

During rendering, the Gaussians are projected onto the image plane and
blended using rasterization. The rendered image is compared with the train-
ing images, and the Gaussian parameters are optimized to minimize the
reconstruction error.

Compared to NeRF, Gaussian Splatting provides significantly faster ren-
dering because it avoids repeated neural network evaluations along rays. Ren-
dering can therefore achieve real-time performance while maintaining high
visual fidelity.

2.3.2 Neural Rendering for Sim-to-Real Gap Mitiga-
tion

Several works have investigated the use of generative models and neural ren-
dering techniques to reduce the visual discrepancy between simulated and
real sensor observations [75, 77, 79, 80, 81]. These approaches aim to trans-
form simulated data so that it more closely resembles real-world observations,
allowing perception systems to operate under conditions that better match
those encountered during deployment.

Existing approaches typically apply these techniques either offline on pre-
recorded datasets or online within simulated environments. Many works rely
on generative models such as GAN-based image translation methods or other
generative approaches to modify simulated images, sometimes operating on
individual frames or short video sequences [75, 76]. Notable examples include
studies by NVIDIA et al. [78], where generative models are used to translate
simulated images into a more realistic visual domain. In most cases, these
techniques are evaluated on static datasets or within simulation environments
rather than in real-world deployments.

Evaluation in prior work also commonly relies on image similarity metrics
such as SSIM or FID [96, 98]. However, recent studies have shown that im-
provements in image quality metrics do not necessarily translate into better
driving behavior [94]. Images that appear visually realistic may still contain
artifacts that cause failures in perception or control modules.

To the best of our knowledge, existing work has not validated these tech-
niques as an automated approach for transforming static datasets into dy-
namic simulation environments, nor evaluated their effectiveness by directly
comparing the behavior of a simulated system with that of a real autonomous
driving system operating in the real world. In this work, we address this gap

25



2 — Background and Related Work

by evaluating neural rendering techniques for sim-to-real gap mitigation using
a behavioral evaluation. Rather than relying solely on image similarity met-
rics, we compare the behavior of an autonomous driving model operating on
generated images with the behavior of the same model driving in real-world
conditions. This allows us to assess which generative or neural rendering
technique better supports reliable simulation-based testing of autonomous
driving systems.
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Chapter 3

Framework

In this work, we evaluate the advantages and limitations of different neu-
ral rendering techniques employed to reduce the sim-to-real gap in driving
simulation, with the goal of supporting system-level testing of camera-based
ADS. To this end, we propose a framework for simulation-based testing that
enables the recreation of driving scenarios starting from real-world driving
recordings. The framework supports the integration of camera-based driving
models operating in a simulated scenario. The framework allows the use of
different neural rendering techniques to generate input images for the driving
model instead of raw synthetic images. We used the proposed framework for
comparing how the driving model behaves when provided with images pro-
duced by three different neural rendering techniques: Stable Diffusion, NeRF
and 3DGS. The effectiveness of each technique is evaluated by comparing the
behavior of the driving model on the reconstructed real-world driving against
the behavior on the real world scenario collected using a physical vehicle on
which the ADS is deployed. This enables a direct comparison between the
behavior of the same model in real-world conditions and in simulation, both
with and without the application of neural rendering techniques.
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3.1 Framework Overview

Figure 3.1: Overview of the proposed framework. LiDAR scans are optional
and represented as a dotted line.

The framework is organized into five main components visualized in Fig-
ure 3.1:

1. Data Extraction. This component extracts the input data required to
reconstruct the driving scenario in simulation. It takes as input real-world
recordings from an ego vehicle and extracts the data needed for the next
components. The output consists of camera frames, LIDAR point clouds
(when available), and the ego-vehicle trajectory positions. Each element is
associated with its original recording timestamp to ensure synchronization
across data sources.

2. Parked Vehicles Detection. This component predicts the positions
and orientations of parked vehicles in the recorded scenario, enabling their
accurate placement in simulation to faithfully reconstruct the driving sce-
nario. It identifies parked vehicles present in the recorded scenario and esti-
mates their real-world positions and orientations. It takes as input the data
extracted by the previous component and performs 3D object detection to
predict parked vehicle’s bounding boxes. Two approaches are supported: a
camera-based method and a LiDAR-based method. The output consists of
the positions and orientations of the detected parked vehicles expressed in
real-world coordinates.

3. Scenario Reconstruction. This component reconstructs the recorded
real-world driving scenario inside the CARLA simulator for system-level test-
ing. It takes as input the ego-vehicle trajectory and the positions of parked
vehicles detected by the two previous components. The road geometry is
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obtained from OpenStreetMap data, converted to XODR format, and then
loaded into the simulator. Parked vehicles are spawned at their estimated po-
sitions, and the component also supports manual correction of vehicle place-
ment as well as the creation of modified scenarios for testing configurations
beyond the original real-world setup.

4. Neural Rendering Training. This component trains the generative
techniques that are the subject of our evaluation. Real-world data extracted
in the first component are processed according to the requirements of each
model. The framework supports three different techniques: diffusion-based
image generation (Stable Diffusion with ControlNet), novel view synthesis
from NeRF, and 3D Gaussian Splatting. The trained models are used dur-
ing simulation to transform or replace synthetic camera images provided by
CARLA as input to the driving model.

5. Driving Simulation. This component is used to test the driving
model in simulation by executing the reconstructed driving scenario inside
the CARLA environment. An ego vehicle is spawned in the CARLA envi-
ronment, and the simulator manages vehicle dynamics and physics. During
execution, the camera images rendered by the simulator can be transformed
or replaced using the neural rendering models trained in the previous com-
ponent. This component supports both trajectory replay, where the vehicle
follows the recorded real-world path, and system-level simulation, where a
driving model actively controls the vehicle. The former is used to obtain
generated images along the recorded trajectory, enabling a direct compari-
son with their real-world counterparts, while the latter is used to compare
the neural rendering techniques in terms of the driving behavior of the tested
model. The output consists of the driving trajectories, camera images, and
driving commands produced during simulation.

3.2 Data Extraction

The data extraction component takes as input a ROS bag, a file format used
by the Robot Operating System (ROS) [87], a widely adopted middleware
framework for robotics and autonomous systems, to store timestamped sen-
sor recordings, and extracts the data necessary for the subsequent stages.
The ROS bag contains sensor data collected from an ego vehicle driving in
the real world. In particular, the framework requires front-facing camera
images and vehicle localization data, while LIDAR point clouds are optional.

29



3 — Framework

Each message in the ROS bag is associated with a UNIX timestamp indicat-
ing the moment at which it was recorded. These timestamps are essential
for synchronizing the different data streams, which operate at different fre-
quencies and are not aligned in time. An overview of the data extraction
component is shown in Figure 3.2

Trajectory coordinates

—
Frame + UTM coordinates
u—> DATA EXTRACTION —_—
LIDAR scans + UTM coordinates
ROSrecording | »

Figure 3.2: Data Extraction Component

3.2.1 Trajectory and Vehicle Pose Extraction

The ego-vehicle trajectory is essential for the entire framework. It is used
together with LiDAR scans or camera images to estimate the coordinates of
parked vehicles, to reconstruct the scenario in simulation, during inference
for 3D rendering methods or for fine-tuning diffusion-based models. Most
importantly, it is later used as the baseline for comparison between real-
world and simulated driving behavior. The component extracts the vehicle’s
odometry messages that are in Universal Transverse Mercator (UTM) [8§]
format coordinates (x, y, z) for vehicle position and quaternions (x, y, z,
w) [89] for vehicle orientation. In our case, we compute only the yaw angle
from the quaternion, which represents the rotation around the vertical (z)
axis and defines the heading of the ego vehicle in the x, y plane. This choice
is based on the assumption of planar motion, meaning that the vehicle moves
on a flat surface and pitch and roll variations are not relevant for our case.
The conversion from quaternion to yaw is performed using the formula:

¥ =atan2 (2(w-z +x-y), 1= 2(y° + 2%))

The resulting odometry messages, in the format (x,y, z,v), are saved to-
gether with their timestamps and represent the vehicle trajectory through a
provided recording.
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3.2.2 Camera Data Extraction and Synchronization

Images are acquired from the frontal camera mounted on the ego vehicle
and employed for parked vehicle detection and for neural rendering model
training. For these tasks, each image must be associated with the precise
vehicle position at which it was captured, since real-world frame coordi-
nates are needed to match neural rendering positions during both training
and inference, and to project vehicle detections from camera reference into
world coordinates. However, since camera frames and odometry messages
are recorded at different frequencies and their timestamps do not match per-
fectly, we estimate the vehicle odometry for each recorded image using linear
interpolation on the odometry samples recorded immediately before and after
the image timestamp. This process results in a dataset where each camera
frame is linked with its corresponding coordinates and angle.

3.2.3 LiDAR Data Extraction and Synchronization

The framework also provides the option of using LiDAR point cloud scans.
These can be used for parked vehicle detection and during validation to eval-
uate the accuracy of the reconstructed scenario. However, requiring high-
precision LiDAR sensors on the vehicle would be a too strict constraint for
the usage of the framework; therefore, it is designed to also operate using
only camera data. The acquired LiDAR data consists of dense point clouds,
where each point is defined by its spatial coordinates (x, y, z) and a re-
flectance intensity value (i), which represents the strength of the returned
laser signal measured by the sensor. Since LiDAR scans, like camera frames,
are recorded at a different frequency than odometry, we associate each scan
with its corresponding vehicle position through interpolation, as described for
camera frames. An example of a front camera image and its corresponding
LiDAR point cloud is shown in Figure 3.3.
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(a) Front camera image (b) LiDAR scan

Figure 3.3: Example of a front camera image and the corresponding LiDAR
point cloud recorded by the ego vehicle.

3.3 Parked Vehicles Detection

The second component of the framework is parked vehicle detection. Parked
cars along the road represent a crucial element of a driving scenario, since
the driving model has to avoid them, also their presence and positions can
affect the behavior of a driving model. To faithfully reconstruct a scenario in
simulation, parked vehicles must be placed in the simulated environment in
the same positions as in the real world. This component takes as input the
data extracted in the previous stage and predicts oriented bounding boxes
of parked vehicles. The world coordinates of each detected vehicle are es-
timated based on the ego vehicle position at the corresponding timestamp.
Detections are then associated over time using clustering techniques to re-
move duplicate predictions and maintain a consistent vehicle identity across
consecutive data samples. Two approaches are supported: a camera-based
method that predicts bounding boxes from input frames, and a LiDAR-based
method that relies on point cloud data when available.

An overview of the parked vehicle detection component is shown in Fig-
ure 3.4

Figure 3.4: Overview of Parked Vehicles Detection component
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3.3.1 Camera Based Detection

The camera based approach takes in input extracted camera frames from
the first component of the framework and predicts 3D bounding boxes for
each vehicle detected in the image, it also generates instance maps for each
frame where every detected vehicle gets as color mask the color of the real car
that will be used During StableDiffusion finetuning. The component works
in a four-stage pipeline: single-frame detection, coordinate transformation,
temporal tracking, and final clustering. The final output consists of the
coordinates of detected vehicles along with their color and orientation.

Single-frame detection

This stage handles frame-by-frame detection. Given a single frame as input,
it leverages deep learning models to detect vehicles in the image, predict their
bounding boxes, estimate orientation, and extract the color of each detected
car. For 3D object detection, we use FCOS3DI[83], a monocular detection
framework that consent given an image, detects vehicles and predicts their
bounding box parameters: 3D centroid position in camera coordinates, ori-
entation (yaw angle), and a confidence score. An output showing detection
of the model is visible in figure 3.5
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Figure 3.5: 3D bounding box detection example

The FCOS3D model pretrained trained on the nuScenes[84], a multimodal
dataset for autonomous driving, collected using a specific camera configura-
tion. Using the model on images captured with a camera with different
intrinsic parameters (focal length, principal point) can introduce systematic
errors in depth estimation. To mitigate this issue, the intrinsic calibration
matrix of the target camera must be provided to the model at inference time.

To estimate the color of each detected vehicle, we employ YOLOvS8 [85]
with instance segmentation, which provides a separate pixel-level mask for
each detected object. YOLOVS is chosen for its real-time inference speed
and low computational requirements, making it efficient to run alongside the
detection pipeline without significant overhead. For each FCOS3D detection,
we project its 3D centroid onto the image plane and check whether the pro-
jected point falls within any YOLO bounding box; if so, the corresponding
instance mask is associated with the detection. The dominant color is then
extracted from the lower 60% of the masked region, which predominantly
contains the vehicle body, in order to exclude windows from color detection.
To reduce noise, pixel values are quantized into discrete bins and the final
color estimate is computed as an average of the most frequent quantized
colors. An example of the process is shown in Figure 3.6. We classify each
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predicted vehicle as “parallel” or “perpendicular” relative to the ego vehicle
trajectory. We do this by comparing the predicted yaw angle against the
direction of the ego vehicle trajectory; if the difference between the angles is
less than 45° or greater than 135°, the vehicle is classified as “parallel”, since
in both cases the vehicle is approximately aligned with the road direction,
either facing the same way or the opposite direction. Otherwise, it is classi-
fied as “perpendicular”. This binary classification is applied to simplify the
placement of detected vehicles in simulation.

Coordinate Transformation

In this stage, we compute coordinates transformation to get real world po-
sition of each detected vehicle from the previous stage. We leverage the
ego-vehicle position at which the frame was captured from the first compo-
nent of the framework.

First bounding box centroids are transformed from the camera frame to
the ego-vehicle frame using the extrinsic calibration matrix 7ego«cam, Which
encodes the static position and orientation of the camera with respect to the
vehicle.

Then, we applied a dynamic transformation matrix Tworldeego(t) to move
from the ego-vehicle frame to UTM coordinates, using the ego-vehicle pose
at the corresponding timestamp.

The final world position is computed as:

Pworld = Tworld<—ego (t) : Tego<—cam * Pcam (31)

The yaw angle is also transformed to the global frame by passing the
direction vector of the bounding box through the same transformation chain:

cos(f)
0
dworld = Tworld(—ego (t) ’ Tego(—cam T sin(«9) (32)
0
Oworld = atan2(dy, dx) (33)

where 6 is the predicted yaw in camera coordinates.

Temporal Tracking

The third stage of the vehicle detection pipeline tracks detected vehicles, as-
signing them a consistent ID over time. It takes as input the real-world UTM
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coordinates of each detected vehicle. Since the same vehicle may appear in
multiple frames and gets detected multiple times, this stage groups detec-
tions belonging to the same vehicle instance using a distance threshold. Each
instance stores the current estimated position of the vehicle it refers to, a hit
counter, and the list of detections associated with that instance. For each
new bounding box detection, the Euclidean distance is computed against all
existing instances. If the minimum distance is below a threshold of 2.5 m,
empirically determined as the average distance between parked vehicles, the
detection is assigned to the closest instance, and both the instance position
and hit counter are updated. Otherwise, a new instance is initialized. To
avoid false positives, only instances that were detected more than a certain
number of times are saved.

Final Clustering

In the previous stage, confirmed vehicle instances contain multiple detections,
each one associated with coordinates, orientations and confidence score. In
this stage we compute for each instance its final parameters with a weighted
average of all the detection parameters, where the detection confidence score
serves as the weight:

_ Wit i
p= S (3.4)

where p is the final estimated parameter, p; is the value of that parameter
in the i-th detection, and w; is the corresponding confidence score. Discrete
attributes (binary orientation, color) are determined through majority voting
across al the detection assigned to a specific vehicle.

A last clustering step is applied to resulting centroids by merging close
instances that may represent the same physical vehicle but were tracked
separately. The final output is the list of detected parked vehicles, each
one described by: world position (x,y, z), yaw angle, orientation relative to
the trajectory (parallel/perpendicular), color (RGB), and average confidence
score.
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(a) Raw RGB frame (b) Instance map

Figure 3.6: Camera frame and the predicted instance map.

3.3.2 LiDAR Based Detection

The LiDAR-based detection approach follows a similar structure to the camera-
based one. It takes as input point clouds generated by the LiDAR sensor
instead of RGB images, along with GPS positions from the first component,
detects vehicles by predicting 3D bounding boxes, and estimates their po-
sition in real-world coordinates. The detection pipeline is divided in three
stages: single-scan detection, coordinate transformation, and final clustering.
Compared to the camera detection pipeline, the tracking stage is bypassed
since LiDAR provides much more precise localization, making a single clus-
tering step enough to aggregate detections.

This approach achieves significantly better accuracy than the camera-
based one, because monocular depth estimation from a 2D image is an
ill-posed problem, and the model must infer depth from indirect cues like
object size and perspective, while LiDAR instead knows exactly the distance
of each point, providing precise depth information. Additionally, LiDAR
handles occlusions more effectively than camera: for example, with multiple
vehicles parked in a row, a front camera may see some vehicles only par-
tially and for a fraction of time, making it difficult to detect their bounding
boxes, while LIDAR does not have this problem, as shown in Figure 3.7. For
these reasons, when LiDAR is available, this approach provides more reliable
results.
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(a) Camera detection (b) LiDAR detection

Figure 3.7: Vehicle detection comparison: camera limitations vs LiDAR ac-
curacy in occluded scenes.

Single scan detection

In this first stage, the component takes as input a single LIDAR scan and uses
deep learning methods to detect vehicle bounding boxes in the point cloud,
outputting for each detected vehicle the bounding box parameters: position
(x,y, z), and orientation. For 3D object detection on point cloud data, we use
PointPillars [86], a model that encodes the 3D point cloud into a 2D bird’s-eye
view representation and predicts bounding boxes with confidence scores. The
model is pre-trained on KITTI [39], a multi-modal dataset for autonomous
driving containing synchronized camera and LiDAR data. The model expects
input distributions matching the KITTT sensor setup. Using it with different
input data will cause a domain shift leading to incorrect predictions, so to
apply it on a different sensor configuration without finetuning, the input data
must be normalized to match the training data distribution. To do so, we
perform the following steps: In the KITTI dataset, LIDAR point intensity is
stored in a float range [0, 1], while common LiDAR sensors output intensity
in [0,255]. So to match the expected output we normalized our input data to
be in the same range as KITTI data. Since LiDAR sensor in KITTI dataset
is mounted at a fixed height of 1.73 meters above the ground, the model has
learned features based on this absolute positioning. To account for variations
in sensor mounting on different vehicles, we estimate the ground level by
computing the Hth percentile of the z-coordinates in each scan, then shift
the entire point cloud vertically so that the ground aligns with z = —1.73m.
This prevents the detector from misclassifying objects due to height offsets.

The pointcloud obtain from LiDAR scan provided by the data extraction
component3.2.3 is normalized and then passed to the PointPillars model,
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which predicts bounding box parameters for each detected object: 3D cen-
troid position (x,y, z), orientation (yaw angle), and a confidence score.

Figure 3.8: 3D bounding box detection in LiDAR point cloud

Coordinates Transformation

As in the camera-based approach, we need to project coordinates to the
UTM reference frame. Each predicted centroid is first transformed from the
LiDAR sensor frame to the ego-vehicle frame using the extrinsic calibration
matrix 7ego« ripAR, Which encodes the LIDAR position and orientation with
respect to the ego-vehicle. Then, to obtain UTM coordinates, we apply the
dynamic transformation matrix Tyorlidego(t) from the ego-vehicle frame to
world coordinates, using the vehicle pose at which the scan was recorded.
The yaw angle is also transformed by rotating the direction vector through
the same transformation chain.

Final Clustering

In this stage of the vehicle detection pipeline, we receive the predicted pa-
rameters of each detected bounding box in each scan. As in the camera-based
approach, the same vehicles are detected multiple times in different scans,
so to aggregate them, we use clustering. For each new detection, we com-
pute the Euclidean distance against already detected clusters. If the distance
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is below a certain threshold, the detection is merged into the closest clus-
ter and the cluster centroid position is updated; otherwise, a new cluster is
initialized.

We compute final bounding box parameters by the weighted average of all
detections in the cluster, using confidence scores as weights. For the centroid
position the weighted average is computed as:

_ Wit
b= 22 W (3:5)

where w; is the confidence score and p; is the positions of detection i. For
the yaw angle, a circular mean is used to correctly handle angle wrapping:

= atan2 (Z w; sin(6;), Zwi cos(@i)) (3.6)

where 6; is the yaw angle of detection i. This avoids errors that would
occur with a simple arithmetic mean when angles are near 7. For exam-
ple, averaging two angles of —170° and 170° with a standard mean would
yield 0°, whereas the correct result is £180°. The circular mean resolves
this by operating on the sine and cosine components of the angles, correctly
handling the discontinuity at +7. Binary orientation classification (paral-
lel/perpendicular) is computed using the same logic as the camera-based
approach. Only clusters with a minimum number of detections are retained
in the final output.

The final output is the list of detected parked vehicles, each one described
by: world position (z,y, z), yaw angle, orientation relative to the trajectory
(parallel /perpendicular) and average confidence score.

3.4 Scenario Reconstruction

This component is responsible for recreating the recorded driving scenario
inside the CARLA simulator. The component is divided into four stages:
downloading the map corresponding to the driving recording, manual editing
to correct parked vehicle positions, converting coordinates from UTM to the
CARLA coordinate system, and loading the scenario into the simulator.

An overview of the scenario reconstruction component is shown in Fig-
ure 3.9.
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Figure 3.9: Scenario Reconstruction component overview

3.4.1 Map Download

To be able to recreate a driving scenario, we must provide the corresponding
map to the next component of our framework, which will use it to recreate
the road topology in simulation. To obtain the map of the driving scenario,
we use OpenStreetMap’s Overpass API [44]. Using the coordinates of the
starting position of the ego-vehicle trajectory, we query the API to download
the corresponding area as a .osm file. This file is then converted to XODR
format using CARLA’s built-in converter, as it is the format supported for
custom maps in CARLA.

3.4.2 Manual Refining

The framework provides an interactive tool for editing the driving scenario
in order to manually correct errors of parked position coming from the previ-
ous component 3.3. The ego-vehicle trajectory and detected parked vehicles
are overlaid on the downloaded OSM map, allowing the user to manually
correct detection errors by inserting new vehicles, removing false positives,
or adjusting the position and orientation of existing ones.

An example of the tool is shown in Figure 3.10
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Figure 3.10: Manual refining tool with trajectory and detected parked vehi-
cles displayed over the OSM map

3.4.3 Conversion to CARLA coordinates

In this stage we convert parked vehicles’ positions and trajectory coordinates
from UTM, given by previous components, to the CARLA coordinate system
to correctly load them in the simulation as we want to replicate the parked
vehicles configuration observed in the driving scenario.

Coordinates must be projected from the curved Earth surface to a flat 2D
plane, due to CARLA using planar metric coordinates. The conversion takes
four steps:

1. UTM — WGSB84: Universal Transverse Mercator (UTM) coordinates
divides the world into 60 zones along meridians. The X value represents
meters east from the central meridian of the zone, plus a 500 km offset
to avoid negative values for locations west of the central meridian, the Y

value represents meters north from the equator and the Z value indicate
the current altitude above sea level. We need to convert UTM to WGS84
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(latitude/longitude) as an intermediate step required by the XODR map
that uses a different projection than UTM. The World Geodetic System
1984 (WGS84) [73] is the standard geographic coordinate system (lati-
tude/longitude in degrees) that serves as a universal intermediate format
from which any projection can be computed.

2. WGS84 — XODR: From WGS84 we project coordinates to the 2D
XODR format supported by CARLA. We use the projection string spec-
ified in the .xodr file downloaded in the previous step for computing the
projection.

3. XODR — XODR Local: Since CARLA does not use XODR coordi-
nates directly but instead uses a local coordinate system, the projected
coordinates are shifted by the offset values specified in the .xodr header,
transforming them into the local coordinate system used by CARLA.

4. XODR Local - CARLA World: The Y-axis is flipped to match
CARLA’s left-handed coordinate system.

An overview of the conversion scheme is provided in Figure 3.11

Figure 3.11: Coordinates conversion scheme

7 values are not converted since XODR format supported by CARLA does
not provide altitude values.

For trajectory coordinates, an additional correction step is applied to ac-
count for the GPS sensor position relative to the ego-vehicle center. Since
CARLA spawns vehicles with their center located at the given coordinates,
passing the raw GPS coordinates would result in a shifted trajectory, as tra-
jectory positions are relative to the GPS sensor location, not the center of the
car. To correct this, the trajectory coordinates are shifted along the heading
direction by the distance between the GPS sensor and the vehicle center. We
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do not have the same problem with parked vehicles since their coordinates
predicted by our previous component 3.3 already represent the center of the
car.

The yaw angle v also requires conversion from UTM to CARLA coordi-
nates. The coordinate conversion chain introduces a rotation of the reference
axes, meaning that a given heading direction in UTM does not correspond
to the same angle in CARLA. To determine this rotation, we convert two
points through the full coordinate chain: a reference point and a second point
displaced by one meter along the UTM East axis. By measuring the angle
between the two resulting points in CARLA space, we obtain the angular
offset A between the two coordinate systems. The UTM yaw angle is then
converted to CARLA yaw as:

™

VYearpa = A — Yurm + 5 (3.7)

where the subtraction accounts for the reversal of rotation direction caused
by the Y-axis flip, and the § term corrects for the difference between the
quaternion yaw convention used in the odometry data and the heading con-

vention in CARLA.

3.4.4 Loading Scenario

This is the final stage of the scenario reconstruction component, which loads
the driving scenario, comprising the map and the parked vehicles, into sim-
ulation which will be used for our evaluation. Using the provided CARLA
Python API, this stage starts the CARLA server, which runs the simula-
tion engine responsible for rendering the environment and managing vehicle
physics, and loads the driving scenario into the simulation. It takes as input
the map obtained in the previous stage, parked vehicle coordinates obtained
in Parked Vehicles Detection component 3.3, and the ego-vehicle trajectory
from the Data Extraction Component 3.2. First, it loads the map into
CARLA. Then, it spawns the ego-vehicle at the first point of the trajectory
and attaches three sensors: an RGB camera, a semantic segmentation cam-
era, and an instance segmentation camera. The outputs of these sensors will
serves for image generation in the next final component of our framework.
For each parked vehicle in input, the script spawns a car at the correspond-
ing CARLA coordinates with the correct orientation matching the parked ve-
hicles configuration observed in the driving scenario. The vehicle is spawned
with the same color as detected in the real world from the detection com-
ponent, and this color is also used as its mask in the instance segmentation
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map, that will be used by further steps to recreate parked cars of the same
vehicle as it was in the real world. Finally, the simulation is paused with all
vehicles in position, ready for driving simulation, as shown in Figure 3.12

(a) OSM map (b) Reconstructed scenario

Figure 3.12: Scenario reconstruction comparison between OSM data and
final reconstructed scenario in CARLA.

3.5 Neural Rendering Training

This component handles the training of the neural rendering models: Stable
Diffusion, NeRF, and 3D Gaussian Splatting. It takes as input the recorded
frames and their corresponding coordinates, and processes them according
to each model’s requirements to create the training datasets. The output
consists of the trained models that will be used during simulation to produce
more realistic input images for the driving model than raw synthetic images
from the simulator. For all three techniques, the framework supports local-
expert training [66], where the dataset is split into road segments and a
separate model is trained for each segment. This allows each model to focus
on a smaller portion of the driving scenario and become better specialized
to the visual appearance of the road segment on which it is trained. Similar
approaches have been adopted in large-scale neural rendering works such as
Block-NeRF and Mega-NeRF [66, 67]. An overview of the pipeline is shown
in Figure 3.13
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Figure 3.13: Models Training component overview

3.5.1 Stable Diffusion

We fine-tune Stable Diffusion 1.5 [62] using Low-Rank Adaptation (LoRA) [90],
a parameter-efficient fine-tuning method, on frames from the recorded driving
scenario. To guide the generation process, we fine-tune three ControlNets|71]:
a Segmentation ControlNet[91], conditioned on semantic segmentation maps,
which provides the main scene structure by specifying where to place roads
and vehicles; an Instance ControlNet, conditioned on instance segmentation
maps, which helps distinguish between individual vehicles; and a Temporal
ControlNet[92], conditioned on the previous frame, which enforces temporal
consistency between consecutive frames. At inference time, the Segmentation
ControlNet is always required, while the Instance and Temporal ControlNets
can be optionally enabled.

Dataset Preparation

Semantic segmentation maps are used to condition the Segmentation Con-
trolNet on the scene structure. For each input frame, we generate the se-
mantic segmentation map using SegFormer[91], a transformer-based segmen-
tation model pre-trained on the Cityscapes[38] dataset. The model predicts a
class label for each pixel, which is then recolored according to the Cityscapes
color palette. Since CARLA with custom XODR maps only renders roads,
road signs, and vehicles, as discussed in Section 2.2.3, we recolor to black
all pixels not belonging to these classes. This ensures that the real-world
segmentation maps used during training match the segmentation maps from
the simulator used at inference time.
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(a) Input image (b) Segmentation map

Figure 3.14: Example frame and its corresponding semantic segmentation
map

Instance segmentation maps are obtained from the Parked Vehicle
Detection component 3.3. Unlike semantic segmentation maps, where all
vehicles share the same color, instance maps assign a unique color to each
individual vehicle. This helps during the diffusion process to distinguish
between separate vehicles, particularly when multiple cars are close together,
preventing the model from merging them into a single object. Additionally,
each vehicle’s mask uses the real-world color of the corresponding car, guiding
Stable Diffusion to generate vehicles with the correct colors.

Temporal Links.

For temporal consistency, each frame is paired with its preceding frame en-
abling Temporal ControlNet to learn correlation between consecutive frames
during training.

Coordinate Captions.

A caption containing corresponding ego-vehicle position coordinates is as-
sociated to each input frame to help Stable Diffusion associate features with
specific locations.

Image Preprocessing.

All images are resized to 512x512 pixels, the resolution on which Stable
Diffusion 1.5 was trained. Segmentation and instance maps use nearest-
neighbor interpolation to preserve exact pixel values when resized.

Dataset Compilation.
The final dataset is converted into HuggingFace[50] Arrow format, embed-

ding all images (RGB, segmentation, instance, previous) and captions in a
single binary file for efficient data loading during training.
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Stable Diffusion Training

We used LoRA[90] to fine-tune Stable Diffusion to our downstream task.
LoRA, is an approach originally developed for large language models[90]. It
works by freezing the pre-trained model weights and injecting small trainable
weight matrices into each transformer layer. Only these matrices are updated
during training, reducing time and memory requirements. The result is a
small set of updated weights (a few MB) that, when combined with the
original model at inference time, produce fine-tuned results. Training uses a,
learning rate of le-4 with cosine scheduling for 10 epochs.

Segmentation ControlNet.

The Segmentation ControlNet is pre-trained on Cityscapes[38], then fine-
tuned on our segmentation maps. Training on paired data (segmentation map
— real image) teaches the model to generate realistic images that follow the
scene layout specified by the segmentation input.

Temporal ControlNet.

The Temporal ControlNet is initialized from TemporalNet[92], then fine-
tuned using frame pairs consisting of the current frame and the previous
frame. This enforce the diffusion process to be consistent across consecutive
frames.

Instance ControlNet.

The Instance ControlNet is trained from scratch on instance segmentation
maps and corresponding frames. This allows the model to learn how to
distinguish individual vehicles and preserve their real-world colors.

All ControlNets are trained for 10 epochs with a learning rate of le-5.
Local-Expert Training.

As described in the component overview, the framework supports training
separate Stable Diffusion and ControlNet models for different road segments.
Each model specializes in generating images of a specific segment, and during
inference the model whose training segment is closest to the current vehicle
position is automatically selected. In training we split the training dataset
in of the driving scenario in three different subset with the same frames and
we train a separate StableDiffusion, Segmentation, instance and Temporal
ControlNet for each of them.

3.5.2 NeRF and 3D Gaussian Splatting

NeRF[59] and 3D Gaussian Splatting[60] share the same training pipeline.
We use Nerfstudio[82], an open-source tool that provides APIs for training
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different neural rendering models. We used nerfacto[82] and splatfacto[82],
Nerfstudio’s implementations of NeRF and 3D Gaussian Splatting respec-
tively. Specifically, we employed nerfacto-big[82] and splatfacto-big[82], which
are enhanced variants of nerfacto and splatfacto with more parameters for
higher quality reconstruction.

Camera Pose Estimation

Camera positions and orientations are required for training. We estimate
them using COLMAP [74], a structure-from-motion pipeline that extracts
visual features from each frame, matches them across frames, and triangu-
lates 3D points to estimate camera poses. COLMAP also generates a sparse
point cloud, which is used by 3D Gaussian Splatting to initialize the gaus-
sians.

Dataset Preparation

Input images are cropped from the bottom to remove the vehicle hood, which
would otherwise interfere with the 3D reconstruction.

Training

Both models are trained with default Nerfstudio settings using the camera
poses and point cloud generated by COLMAP.

Local-Expert Training

As with the Stable Diffusion pipeline, the framework supports training sep-
arate models for different road segments. For NeRF and 3D Gaussian Splat-
ting, COLMAP is run independently for each segment, producing a separate
set of camera poses and point cloud per local expert.

3.6 Driving Simulation

This component is the final stage of the framework. It is responsible for
running the simulation and using the trained models to generate the images
that serve as input to the driving model. It interfaces with the previously
loaded scenario and supports two modes of operation: trajectory replay, in
which the ego vehicle follows the trajectory recorded from the ADS in the
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real world, and system-level simulation, in which the driving model actively
controls the vehicle within the simulation.

3.6.1 Trajectory Replay

In this mode, the ego-vehicle follows the recorded real-world driving trajec-
tory and captures the simulator outputs (RGB, semantic segmentation, and
instance segmentation), together with the images generated by each of the
considered generative models, at the positions corresponding to the origi-
nal real-world frames. This enables a direct comparison between real-world
images, simulator outputs, and model-generated images from the same view-
point. Such a comparison is useful both for assessing the quality of the
reconstructed scenario and for evaluating the different generative approaches
in terms of image quality with respect to the corresponding real-world im-
ages.

3.6.2 System-Level Simulation

In this mode, the driving model is loaded and enabled to control the ego-
vehicle. Rather than replaying the recorded real-world trajectory, the vehicle
is initialized at the starting point of that trajectory, and its steering com-
mands are then predicted by the driving model based on the input images
provided during the simulation. Similarly to trajectory replay mode, the
driving model can take as input either the simulator outputs or the images
generated by each of the considered generation approaches, namely Stable
Diffusion, NeRF, and 3D Gaussian Splatting.

The simulation produces the trajectory generated under the control of the
driving model. This trajectory can then be compared with the real-world
trajectory recorded during the original driving session. In our evaluation,
this comparison is used to assess which image generation technique leads
to driving behavior that is most consistent with the real-world one, thus
providing a system-level evaluation of the different approaches.

3.6.3 Stable Diffusion Inference

The generation process uses the LoRA weights and the ControlNets fine-
tuned during the neural rendering training stage described in Section 3.5.
Among these conditioning modules, the Segmentation ControlNet provides
the main guidance for the Stable Diffusion generation, as it supplies the
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structural and semantic information of the scene. At each simulation frame,
the pipeline receives the segmentation map produced by the simulator and
uses it as the primary conditioning input for image generation.

However, the simulator segmentation maps must be adapted so that they
more closely match the real-world segmentation maps used to fine-tune the
ControlNet. In particular, pixels at the bottom of the image corresponding to
the front hood of the ego-vehicle are reassigned to the road class, consistently
with the real-world segmentation maps. Additionally, when CARLA uses
XODR-loaded maps, it does not render several external scene elements, such
as buildings or vegetation. As a result, some vehicles that were occluded in
the real-world images become visible in the simulator segmentation maps. To
mitigate this mismatch, small isolated segmented regions below a given pixel
threshold are removed from the segmentation map. An example of these
adaptations is shown in Figure 3.15.

(a) Raw segmentation map (b) Cleaned segmentation map

Figure 3.15: Segmentation map before and after cleaning. Small isolated
regions are removed and the vehicle hood area is set to road class.

The Instance ControlNet can be enabled to receive the instance segmenta-
tion map as input. This provides the distinction between individual vehicles
that the semantic segmentation map does not capture, and helps guide the
generation of correct vehicle colors. The Temporal ControlNet can also be
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enabled, taking the previously generated frame as input to enforce tempo-
ral consistency between consecutive frames. The current ego-vehicle coor-
dinates in the simulation are used as the text prompt. Since these coordi-
nates follow the same format used during fine-tuning, the model can lever-
age the learned association between positions and visual features to generate
location-appropriate images.

Several parameters can be configured during image generation:

e Guess mode: when enabled, the ControlNets operate without explicit
text prompt guidance

o Conditioning scale: controls the influence of each ControlNet on the
final output (range 0.0 to 1.0)

e Guidance schedule: defines the start and end points of each Control-
Net’s activation during the denoising process (range 0.0 to 1.0, where
0.0 is the beginning and 1.0 is the end of the denoising steps)

« Negative prompt: specifies undesired features to avoid in the gener-
ated image (e.g., “blurry, distorted”)

e Guidance scale: controls the adherence to the text prompt

The selection of these parameters is subject to evaluation.
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Figure 3.16: Overview of the Stable Diffusion inference pipeline. The seg-
mentation map, and instance map from the simulator and previous generated
frame are provided as conditioning inputs through their respective Control-
Nets, while the ego-vehicle coordinates are used as the text prompt. The
Stable Diffusion model generates a realistic image conditioned on these in-
puts.

3.6.4 NeRF and Gaussian Splatting Inference

Unlike Stable Diffusion, which attems to transforms synthetic images into
more realistic ones, NeRF and 3D Gaussian Splatting render views directly
from their trained 3D representations based on a given camera position and
orientation. At each simulation step, the ego-vehicle position and orientation
in CARLA are converted to the Nerfstudio coordinate system, and the cor-
responding model renders the image from that viewpoint. Both techniques
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used Nerfstudio and share the same inference pipeline. An overview of the
NeRF and Gaussian Splatting Inference pipeline is shown in Figure 3.17.

Coordinate Alignment

Since COLMAP estimates camera poses from visual feature matching rather
than using the original GPS/UTM coordinates, the resulting poses may dif-
fer from the ground-truth positions. Additionally, Nerfstudio applies internal
transformations to COLMAP data: it centers the scene by moving the cen-
troid to the origin, normalizes the scene size by applying a scale factor, and
may reorder or flip coordinate axes. As a result, no direct conversion exists
between simulation coordinates and Nerfstudio coordinates. To address this,
we compute a set of transformations that map simulation coordinates to the
Nerfstudio model space.

The alignment is performed by loading the trained Nerfstudio model and

extracting the camera positions and orientations used during training. Each
training camera is matched to its corresponding frame in the original record-
ing using frame IDs, and the UTM coordinates are loaded from the trajectory
data.
Position Alignment. For the horizontal position, we compute a 2D sim-
ilarity transform using Umeyama’s method, which estimates a scale factor
s, rotation matrix R, and translation vector £ that minimize the alignment
error across all matched points:

min 3™ [|Pass — (5 R+ Py + )] (38)
b) 7 ,[/
where P, ; is the camera position in Nerfstudio coordinates of frame ¢, and
Pyim.i is the corresponding UTM position. The resulting transform is applied
at runtime to convert simulation coordinates to Nerfstudio coordinates:

Pnerfstudio =s-R-Pym+t (39)

Height Estimation. CARLA with custom XODR maps does not pro-
vide elevation information, so the Z coordinate cannot be obtained from the
simulator. Instead, it is interpolated at runtime from the training camera
positions in Nerfstudio space. Given the current vehicle position in Nerfstu-
dio X/Y coordinates, we use Delaunay triangulation on the training camera
positions to interpolate the corresponding 7 value.

Yaw Alignment. The yaw angle, which represents the vehicle rotation
along the horizontal plane, is aligned separately from the position transform.
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For each matched frame, we extract the yaw from the Nerfstudio camera-
to-world matrix and compare it with the corresponding UTM yaw from the
odometry data. We determine the mapping by testing two hypotheses (1;,s =
+utm + B and Vs = —tum + B), where 1,5 denotes the yaw angle in
the Nerfstudio reference frame, ., denotes the yaw angle in the UTM
reference frame obtained from the odometry data, and 8 denotes a constant
angular offset between the two yaw conventions, and selecting the one with
the smallest residual variance. The offset  is computed as the circular mean
of the per-frame differences.

Camera Pitch and Roll. Since the camera is physically mounted at a
fixed position on the vehicle, its pitch and roll remain constant throughout
the recording. We extract these angles as the median pitch and roll across
all training cameras positions in the Nerfstudio model, filtering out small
variations due to COLMAP estimation noise. These angles are applied during
rendering to match the real camera orientation.

Figure 3.17: Overview of the NeRF and 3DGS inference pipeline. The ego-
vehicle position and orientation in CARLA are converted to the Nerfstudio
coordinate system through the alignment transformations, and the corre-
sponding model renders the image from the resulting viewpoint.

3.6.5 Local Expert Selection

As described in the training component, the framework supports splitting
the driving scenario into different segments and training multiple models,
one for each segment. During inference, the model trained on the segment of
the road where the ego-vehicle is currently located is automatically selected
based on the current ego-vehicle position in the simulator. This applies to
all three neural rendering pipelines.
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Chapter 4

Evaluation

The objective of this chapter is to evaluate the advantages and limitations
of different neural rendering techniques for image generation in system-level
testing of autonomous driving systems. To this end, we compare a real-world
driving scenario with the same scenario reconstructed in simulation using the
proposed framework. The evaluation begins by examining whether the real-
world scenario can be reconstructed faithfully in simulation, with particular
attention to parked vehicle placement and overall scene consistency. It then
considers whether the generated images produced by the neural rendering
techniques resemble the corresponding real-world observations. Finally, it
investigates whether differences at the reconstruction and image levels affect
the behavior of the driving model when it is tested in the reconstructed sce-
nario. The study is conducted using recordings collected with a real vehicle
in the target scenario under multiple weather conditions. Overall, the evalu-
ation is organized around three research questions addressing reconstruction
fidelity, image quality, and system-level behavior.

4.1 Evaluation Overview

We use the proposed framework to recreate the selected driving scenario in
simulation under three weather configurations. Since the recordings were
collected on different days, the arrangement of parked vehicles varies across
conditions, making each reconstructed scenario slightly different. For each
weather condition, one representative run is used to reconstruct the scene
and train the corresponding neural rendering models. This setup allows us
to evaluate the framework from three complementary perspectives. First,
we study how accurately the recorded real-world scenario is reconstructed
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in simulation. We then examine how closely the images generated by the
considered neural rendering techniques match the corresponding real-world
observations. Finally, we analyze how the driving model behaves when oper-
ating on these generated images in simulation and compare this behavior with
that observed in the corresponding real-world runs. In this way, the evalu-
ation progresses from the reconstruction of the environment, to the realism
of the generated sensor data, and ultimately to their effect on autonomous
driving behavior.

(RQ1) Scenario Reconstruction Fidelity

How accurately does the parked vehicle detection component of the frame-
work estimate the coordinates of parked vehicles in real-world driving scenar-
ios? To what extent does the framework reconstruct the recorded real-world
driving scenario in simulation?

(RQ2) Generated Image Quality

Do Stable Diffusion, NeRF, and 3D Gaussian Splatting (3DGS) generate
images that resemble real-world observations from the same scenario? Which
of these techniques produces images that are most similar to their real-world
counterparts?

(RQ3) System-Level Behavior

How does the driving model behave in system-level testing when synthetic
images generated by different neural rendering techniques are used, compared
with its behavior in real-world driving in the same scenario?

4.2 Driving Scenario

We define a driving scenario as a stretch of road where a vehicle can operate.
The same driving scenario can present different configurations, with varying
parked vehicle placements, weather conditions, and traffic actors. Our driv-
ing scenario is located on Guerickestrafle, a public urban street in Munich,
Germany. It is a two-way street with no lane markings, approximately 400
meters long with an average width of 7 meters. The red line in Figure 4.1
represents the 365-meter stretch used for our experiments. The street has
sidewalks on both sides and two parking areas, one at the beginning and one
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Figure 4.1: Top down overview of the scenario used in our implementation.

at the end, both on the left side in our driving direction. On the right side,
cars are frequently parked along the road edges. The street has three curves,
no pedestrian crossings, and no possible turns. It was selected because it has
a speed limit of 30 km/h and low traffic, ensuring safe conditions during test-
ing, ...say its still not trivial with interesting conditions suche as cars parked
on the sidews and being difficult to navigate... do not invenet anything new
just extrapolatre info from this section

4.3 Vehicle Platform

For collecting our datasets we used Fortuna [93], a modified Volkswagen Pas-
sat GTE prototype vehicle developed by fortiss[13] for the project PROVI-
DENTTA [47]. The vehicle is equipped with a front-facing camera with 60°
horizontal Field of View (FOV), three Velodyne [43] LiDARs mounted on
the roof rack (one VLP-32C with 32 layers and 200m range positioned cen-
trally, and two VLP-16 with 16 layers tilted at each side to cover lateral
areas, providing 360° FOV), and an iMAR [104]iNAT FSSG-1 GNSS/INS
system providing RTK positioning with up to 2cm accuracy. Sensor data
were recorded using ROS.
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Figure 4.2: Passat GTE Fortuna

4.4 Datasets

To answer RQ1 and RQ2, we need a dataset containing recordings of an
ego-vehicle driving in the real world, with front-facing camera images and
trajectory coordinates. For RQ3, we additionally require that the recordings
come from an ego-vehicle controlled by a driving model rather than a human
driver, and we need access to the same driving model to test it in simulation.
This is necessary to establish a baseline for evaluating how different image
generation techniques impact the behavior of the driving model at system
level. 'While there are numerous public datasets for autonomous driving,
they are primarily designed for machine learning training rather than testing.
Most of them consist of recordings where a human drives the vehicle, not a
driving model. We were not able to find a dataset with all the characteristics
necessary to answer RQ3.

Existing datasets such as nuScenes [84], KITTI [39], and Waymo Open
Dataset [40] provide sensor data and annotations but do not provide steering
data and focused on perception tasks. The Comma.ai dataset [41] includes
steering data but is recorded by human drivers.

For these reasons, we collected a training dataset that will be used for
training a driving model, and a testing dataset in which the trained driv-
ing model autonomously controls the vehicle in the selected driving scenario.
The resulting testing dataset will be used for our empirical evaluation. We
chose not to use a pre-trained model because we need a model that drives
consistently on a specific road but does not generalize to different environ-
ments. This allows us to isolate the effectiveness of the neural rendering
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techniques at reconstructing the scenario in simulation, rather than evaluat-
ing the model’s ability to generalize to unseen data. Since the model needs
to reliably drive on our driving scenario, the training dataset was collected
on the same road.

4.4.1 Training Dataset

The training dataset consists of 150 recordings sessions collected by the For-
tuna ego vehicle driven by a human driver on the selected driving scenario
across 4 days in October between 09:00 and 16:00, under two different weather
conditions: sunny and cloudy. This variability was necessary for training a
model able to generalize across different lighting conditions and parked car
configurations, ensuring consistent driving behavior in conditions similar to
those encountered during training. We collected images from the front-facing
camera along with the steering angle applied by the human driver and vehicle
speed. Examples of collected images are shown in figure 4.3. Images were
recorded at a frequency of 30 fps with a resolution of 800x503 pixels. Data
were collected at an average speed of 10.5 km/h. For each frame, we saved
a JSON file containing the corresponding steering angle and speed values.
Steering values are expressed in radians, ranging from —37 to +37
The dataset is characterized by two types of recordings:

o Nominal runs (20 recordings): the driver covers the full length of the
driving scenario, staying as close to the center as possible. The average
number of frames for each nominal run is 2,760, for a total of 55,198
recorded frames.

» Recovery runs (130 recordings): the driver starts from a poor position
(e.g., too close to parked cars) and steers back toward the center of the
road. The average number of frames for each recovery run is 180.5, for
a total of 23,682 recorded frames.

Recovery runs are necessary for driving model training since nominal record-
ings, where the human driver stays in the center of the road, do not provide
information on how to recover from a bad position. Without recovery data,
the model may be unable to correct its trajectory during inference when it
deviates even slightly from the center, resulting in a failure. It is important
that recovery runs start from the moment the driver begins to recover, not
before, to avoid biasing the model toward drifting off the road. Recovery
runs were taken at regular intervals along the whole length of the street.
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(a) Nominal sunny (b) Recovery cloudy

Figure 4.3: On the left a nominal frame in sunny weather, on the right
recovery frame on cloudy weather

The plot in Figure 4.4 shows the distributions of steering values across all
the recorded training data.

The plot in Figure 4.5 shows the distributions of vehicle speed at which
we collected our training dataset across all the recorded training data.

Figure 4.4: Steering angle distribution in the training dataset
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Figure 4.5: Speed distribution in the training dataset

The final training dataset consists in 78880 frame recorded for a total
amount of 43.8 minutes of driving recordings.

4.4.2 Testing Dataset

Once the driving model was trained and validated, we deployed it on the
Fortuna vehicle to collect our testing dataset. In testing dataset recordings
the driving model controls the vehicle steering autonomously predicting the
driving commands from camera images in real time. We collected the test-
ing dataset in the driving scenario under three different weather conditions:
sunny, cloudy, and snowy. Sunny and cloudy conditions are within the train-
ing data distribution, while the snowy condition, with snow covering the
ground, represents an out-of-distribution case, as no snow data was present
during training.
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(a) Sunny (b) Cloudy (¢c) Snowy

Figure 4.6: Example frames from each testing condition.

Figure 4.6 shows example frames from each condition. For each weather
condition, we performed three consecutive runs of the model driving along
the scenario. That was necessary to account for the non-deterministic nature
of the driving model and to obtain a distribution of plausible trajectories
rather than relying on a single execution for our baseline. Under sunny and
cloudy conditions, the driving model successfully completed the entire length
of the scenario in all runs. Under snowy conditions, the model was unable to
stay on the road, requiring manual braking intervention by the human driver
to prevent the vehicle from going out of the road. We consider a run as
failed when such intervention is needed. Figure 4.7 shows an example of the
trajectory of the driving model in a testing recording in our driving scenario.

Figure 4.7: Trajectories recorded in the sunny testing condition.
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Figure 4.8: Trajectories recorded for the cloudy testing condition.

Figure 4.9: Trajectories recorded for the snowy testing condition. Crosses
indicate failure points.

The testing dataset consists of 9 recordings (3 conditions x 3 runs), we
take multiple runs for every scenario to asses a consistent behavior of the driv-
ing model that we can use as baseline for our evaluation. For each recording,

65



4 — Evaluation

we saved front-facing camera images, LiDAR scans, steering commands pre-
dicted by the model, and trajectory coordinates. Additionally, we recorded
an extra run under cloudy conditions in another day, which will be used
exclusively for validation during parameter selection of the neural rendering
models. This recording was not used in the final evaluation to avoid data
leakage between configuration selection and testing. The final size of the two
datasets exceeds 300,GB.

4.5 System Under Test

For our evaluation, we use an end-to-end camera-based driving model in-
spired by the DAVE-2 architecture proposed by NVIDIA [21]. The model
takes camera images (66x200x3) as input and directly outputs steering com-
mands.

4.5.1 Model Architecture

The original DAVE-2 is a CNN-based model consisting of five convolutional
layers followed by three fully connected layers. In our implementation, we
added Batch Normalization layers for training stability and Dropout layers
for generalization and inference time uncertainty estimation.

Figure 4.10: NVIDIA DAVE2 Architecture
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4.5.2 Training

Pre Processing

Training images were preprocessed according to what the model expects. 204
pixels were removed from the top of the image to exclude sky and buildings,
since we want the model to learn to drive based on what it sees on the
street. Additionally, 35 pixels were removed from the bottom to exclude the
vehicle front hood. This results in an image of 800x 264 pixels, which has the
same aspect ratio as 200x66, the input dimensions expected by the model,
ensuring correct proportions during resizing. Pixel values are normalized to
the range [0, 1].

Data augmentation

The only data augmentation technique applied was horizontal flipping of the
image along the vertical axis, with the inversion of steering angles. This is
a common technique used in ADS training to double the dataset size and
avoid bias in turning directions. In our case, since the road has two left
turns and one right turn, without image flipping the model would be biased
towards one direction. Figure 4.11 and Figure 4.12 show the steering angle
distribution before and after data augmentation.

Figure 4.11: Distribution of steering values before augmentation.
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Figure 4.12: Distribution of steering values after augmentation.

Training Configuration

The resulting dataset is randomly split into 80% training and 20% validation.
The frame’s ids used in each split are saved in JSON files that contains all
the frames separated for validation and trainig to ensure reproducibility.

The model is trained using the Adam optimizer with a learning rate of
10~* and Mean Squared Error (MSE) loss, defined as:

J LAY
Luse =+ > (6 —6)° (4.1)
i=1

where N is the number of samples, 0; is the predicted steering angle, and
0; is the ground-truth steering angle.

Training is performed with a batch size of 16 and an epoch limit of 100.
Early stopping with a patience of 10 epochs is applied based on validation
loss, for stopping training if no improvements are observed. A fixed seed is
used to ensure reproducibility. Figure 4.13 shows training loss evolution over
the 25 training epochs.

4.5.3 Model-Level Validation

Before deploying the model in the real world to collect the testing dataset,
we performed model-level testing on recorded bags. This was done to verify
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Model loss
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Figure 4.13: Model’s loss over epochs

that the model produces coherent outputs before testing it in the real-world
driving scenario.
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Figure 4.14: Model’s steering output vs Human driver ground truth steering
values with MonteCarlo Dropout

During open-loop testing the model predicts steering angles which are
compared against the ground-truth steering values recorded by the human
driver. We employed Monte Carlo Dropout during inference, performing
N=5 stochastic forward passes with dropout active. The Figure 4.14 shows
in yellow the mean prediction used as steering output, and variance of steering
values for estimate the model’s prediction uncertainty, and in blue the ground
truth.

4.6 RQ1: Scenario Reconstruction Fidelity

How accurate is the parked vehicle detection component of our framework at
estimating parked vehicles coordinates in real-world driving scenarios? Does
the framework successfully reconstruct real-world recorded driving scenarios
in simulation? Since the reconstructed scenario will serve as the basis for
all our experimentation, it is essential to assess that it faithfully matches its
real-world counterpart.

We evaluate reconstruction fidelity at two levels: parked vehicles detection
accuracy, and semantic similarity between simulated and real-world scenes
measured through segmentation map comparison.
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4.6.1 Metrics

Parked Vehicles Detection Accuracy.

We evaluate the performance of both LiDAR-based and camera-based detec-
tion using precision, recall, F1-score, position error and orientation error.

Precision Measures how many of the predicted vehicles corresponds to real
vehicles:

p_ TP
TP+ FP
where TP is the number of true positives and F'P is the number of false
positives. For our task, a value close to 1 indicates that most predicted
detections correspond to actual vehicles. Recall.
Recall measures how many of the real vehicles are predicted:

TP
R=__"- 4.3
TP+ FN (43)
where F'N is the number of false negatives. For our task, a value of 1 indicates
that all real vehicles in the scenario were successfully detected.
F1-Score.

The F1-score is the harmonic mean of precision and recall:

P-R
P+ R

It is important to consider this metric because precision and recall alone do
not provide a balanced view of detection performance. For example, a de-
tector could achieve very high recall by predicting many objects as vehicles,
while obtaining low precision due to a large number of false positives. Con-
versely, it could achieve perfect precision by making very few predictions, at
the cost of a low recall. The Fl-score addresses this trade-off by combining
both metrics into a single measure, giving a more balanced assessment of
detection quality.
Position Error.

We compute statistics on the Euclidean distance between detected and
ground-truth vehicle positions:

(4.2)

1= (4.4)

eposi = | Pi = P (4.5)

where P, is the detected position and P; is the ground-truth position.
To provide a comprehensive view of detection performance, we report the

71



4 — Evaluation

mean, standard deviation, and maximum position error across all matched
detections:

mean 1 X
Epos = N Z:zjl €pos,i (46)
Estd — i %(e . — Emean)? (4.7)
pos N “ pos,t pos :
=1
mar __ ‘
Bt = MAX Cpos i (4.8)

Orientation Error.

We compute statistics on the absolute angular difference between detected
and ground-truth yaw angles to assess how accurately the detection compo-
nent estimates bounding boxes orientation:

eyaw,i = |6’AZ — 01| (49)

where 6; is the detected yaw and 6; is the ground-truth yaw. To provide
a comprehensive view of orientation estimation performance, we report the
mean, standard deviation, median, and maximum orientation error across all
matched detections:

gree = Lo 4.10
yaw Nzeyaw,z ( : )
=1
EStd — i g:(e . Emean)Z (4 11)
yaw N - Yyaw,r yaw :
=1
Bl = Max €yau.i (4.12)

Semantic Similarity

We assess simulated scenario similarity using Intersection over Union (IoU)
on semantic segmentation maps extracted from real-world images and their
corresponding simulated images at the same positions. The segmentation
maps are obtained using a SegFormer-B0 model [91] pretrained on Cityscapes [38].
This metric simultaneously evaluates trajectory alignment and sensor con-
sistency: by comparing segmentation maps captured at identical coordinates
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in both the real world and simulation, we verify that the ego-vehicle follows
the correct trajectory and that the simulated sensors perceive the same scene
structure as the real sensors. We compute IoU for each semantic class (back-
ground, vehicle, road) and report the mean IoU (mloU) across all classes:

|GT. N Pred,|
|GT. U Pred,|

IoU, = (4.13)

where G, and Pred, are the sets of pixels belonging to class c in the ground-
truth and predicted segmentation maps, respectively.

1 ¢
mloU = e > IoU. (4.14)
c=1

where C' is the number of semantic classes.
A value close to 1 indicates that the simulated scenario closely matches
its real-world counterpart in terms of semantic scene structure.

4.6.2 Procedure
Ground Truth Annotation

Ground truth 3D bounding boxes were obtained by manually annotating
point cloud of the road given by LiDAR scans. Ground-truth bounding
boxes are used as the reference for evaluating both the LiDAR-based and
camera-based approaches in the task of detecting parked vehicles.

Detection Matching

Since vehicle positions are predicted as continuous float coordinates, an exact
correspondence with the ground-truth annotations is generally not expected.
We need then to associate detections with ground-truth annotations, to do
so we employed a greedy algorithm based on Euclidean distance. First, we
compute all pairwise distances between detections and ground-truth vehi-
cles and filter out pairs exceeding a maximum distance threshold of 4 me-
ters. The remaining pairs are sorted by distance in ascending order. Start-
ing from the shortest distance, we assign each detection to its correspond-
ing ground-truth vehicle. Once a match is made, both the detection and
the ground-truth vehicle are removed from further consideration, preventing
any other detection from being assigned to the same ground-truth and vice
versa. This greedy approach ensures that the closest detection-GT pairs are
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Figure 4.15: Example of predicted vehicle positions and ground-truth annota-
tions overlaid on an OSM map. Green dots indicate correctly matched vehicle
detections, while red dots indicate detections that could not be associated
with any ground-truth vehicle and are therefore counted as false positives.
Yellow squares represent ground-truth vehicle positions; those highlighted
with a red circle indicate false negatives.

matched first, preventing suboptimal assignments where a distant detection
could claim a ground-truth vehicle that is closer to another detection. Fig-
ure 4.15 shows an example of the vehicle detection results, including true
positives, false positives, and false negatives. Position and orientation errors
are computed only for true positive detections.

Semantic Map Comparison

To measure how closely the scenario reconstructed in simulation matches
its real-world counterpart, we compare their semantic scene structure for
the classes considered in this work, namely road and vehicles. After the
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Figure 4.16: Comparison between real-world and simulated segmentation
maps. Left: real-world segmentation map. Center: pixel-wise difference,
where black pixels indicate matching classes and white pixels indicate mis-
matches. Right: simulated segmentation map from CARLA.

detection step, we load the scenario in simulation and use the manually an-
notated ground-truth vehicle positions to place the parked vehicles in the re-
constructed environment. We then perform trajectory replay in the CARLA
scenario, as described in Section 3.6.1, and capture semantic segmentation
maps at each recorded position. These are compared against segmentation
maps extracted from the corresponding real-world frames using SegFormer,
as shown in Figure 4.16.

4.7 RQ2: Generated Image Quality

Do Stable Diffusion, NeRF, and 3DGS produce images that resemble real-
world ones? Which of these techniques generates the most similar images
compared to their real-world counterparts? To answer these research ques-
tions, we compare the images generated by each method with their corre-
sponding real-world images and study how differences in image quality may
influence the behavior of driving models when tested at the system level.

We first fine-tune each method to identify its best parameter setting, so
that all three are evaluated under their best-performing configuration. Then,
using the validation dataset defined in Section 4.4.2, we perform trajectory
replay as described in Section 3.6.1 and generate images with each method.
These generated images are then compared with their real-world counter-
parts.

For the comparison, we use image quality metrics to measure how close
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the generated images are to the real-world ones. We also use vehicle metrics
to check whether vehicles are represented consistently in both generated and
real images. Finally, we include temporal metrics to assess the consistency
of the generated images across consecutive frames.

4.7.1 Metrics

Image quality metrics

Image quality metrics are numerical measures used to assess how realistic
Al-generated images are by comparing them with corresponding reference
images. In our case, however, the goal is not only to measure how similar
the generated images are to the reference ones. We also want to understand
whether images that obtain good image quality scores lead to driving be-
havior of the SUT similar to the one observed when the SUT is tested in
real world. This is important because image quality metrics do not always
capture the aspects of realism that matter in driving scenarios, as shown
in [94].

Image quality metrics can be divided into two main categories: single-
image metrics and distribution-level metrics. Single-image metrics evaluate
each generated image by directly comparing it with its corresponding real-
world counterpart. Distribution-level metrics, instead, compare the overall
distribution of generated images with the distribution of real images in a
reference dataset. These metrics are useful for assessing whether a set of
generated images has a similar apparence compared to real-world ones and
for evaluating images when there is no specific counterpart.

Single Image Metrics Single image metrics measure the similarity be-
tween paired ground truth and generated images. Each metric is computed
per image pair and averaged across the dataset. In this work we consider five
different single image metrics.

Mean Squared Error (MSE)[36] computes the average squared differ-
ence between pixel values of the ground truth and generated images:

1 N
MSE = — 3" (#; — u)? (4.15)
Ni:l

where x; and y; are pixel values of the ground truth and generated image
respectively, and N is the total number of pixels across all channels. Lower
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MSE indicates higher fidelity. It measures the average pixel-level error be-
tween a generated image and its ground-truth counterpart. Therefore, it
shows how different the generated image is from the ground-truth image at
the pixel level.

Peak Signal-to-Noise Ratio (PSINR)[95] measures the ratio between
the maximum possible signal and the noise:

(4.16)

2

MSE

where M AX is the maximum possible pixel value (255 for 8-bit images) and
M SFE is the mean squared error between pixel values. Higher PSNR indicates
better quality. It captures how much noise is present in the generated image
with respect to the ground-truth image.

Structural Similarity Index (SSIM) [96] measures perceived image
quality based on luminance, contrast, and structure:

(2ptatty + €1)(200y + c2)

SSIM(x,y) = 4.17
D= Gl o)+ o+ ) 1
where fi,, p, are the mean values, o2, 05 are the variances, o, is the covari-

ance, and c¢q, ¢y are constants for numerical stability. SSIM ranges from —1
to 1, where 1 indicates identical images. Evaluates similarity in terms of lu-
minance, contrast, and structural information, which makes it more aligned
with human visual perception than pixel-wise error measures such as MSE
or PSNR.

Classifier Perceptual Loss (CPL)[97] measures high-level perceptual
similarity by comparing feature maps extracted from a pre-trained classifi-
cation model. Both the generated image and the reference image are passed
through the model, and the MSE between the corresponding feature repre-
sentations is computed:

M
CPL = — Z (5 — fom)? (4.18)

where f8 and f&" are the feature representations of the ground-truth and
generated images, respectively, and M is the feature dimensionality. It com-
pares images in a learned feature space rather than at the pixel level. There-
fore, it captures higher-level perceptual information such as shapes, textures,
and objects, making it more suitable for evaluating whether a generated im-
age preserves visually meaningful structures from the reference image. Lower
CPL indicates more perceptually similar images.
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Segmentation Score (SegScore)[94] evaluates semantic consistency
between ground truth and generated images. Both images are indepen-
dently segmented using SegFormer-B0[91] a into Cityscapes[38]class maps
(19 classes including road, vehicle, building, etc.), and the MSE between the
predicted class ID maps is computed:

1 H W
o gt gen 2
SegScore = T 1—21];(% — i) (4.19)
where ¢ and ¢&" are the predicted semantic class IDs at pixel (4, j) for the

ground truth and generated image respectively. It is useful to asses if the
semantic scene is preserved in generated images with lower values indicates
closer matching with ground truth.

Distribution Level Metrics Fréchet Inception Distance (FID) [98]
measures the distance between the feature distributions of real and generated
images:

FID = ||,UJreal - ,ug;en“2 +Tr (Ereal + 2gen - 2(Zrealzgen)1/2) (420)

where firea1 and pgen are the mean feature vectors, and Yiea and Ygen are
the covariance matrices of features extracted from real and generated images
using a pre-trained Inception network. These features are modeled as multi-
variate Gaussian distributions, and their similarity is measured through the
Fréchet distance [99]. Lower FID should indicate better matching between
real and generated images.

Kernel Inception Distance (KID) [100] estimates the squared Maxi-
mum Mean Discrepancy between the Inception features of real and generated
images using a polynomial kernel:

KID = E[k(x, 2")] + E[k(y, y')] — 2E[k(x, y)] (4.21)

where k(a,b) = (ya'b+ 1)3 is a cubic polynomial kernel, and z and y are
Inception feature vectors extracted from real and generated images, respec-
tively. Unlike FID, KID does not assume that feature distributions are Gaus-
sian and provides an unbiased estimator of distribution similarity. Lower KID
values indicate that the generated images are more closely aligned with the
real image distribution.

Inception Score (IS) [95] employs a pretrained Inception network‘[101]
as a feature extractor to assess both the quality and diversity of generated
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image distributions. It measures the KL divergence between the conditional
class distribution p(y|x) and the marginal distribution p(y):

IS = exp (Ex [DxL(p(y[x)[p(y))]) (4.22)

A high IS indicates that generated images are both individually recognizable
and diverse across the set.

Maximum Mean Discrepancy with RBF kernel (MMD-RBF) [102]
measures distributional distance using a Gaussian radial basis function kernel
in Inception feature space:

MMD? = E[k(x,x)] + E[k(y,y")] — 2E[k(x,y)] (4.23)

where k(a,b) = exp(—|la — b||*/20?) with bandwidth o set to the median
pairwise distance. It compares the overall distribution of generated images
with that of real images without assuming a specific parametric form, such
as a Gaussian distribution like FID does. Lower MMD-RBF indicates closer
alignment between generated and real image distributions.

Precision, Recall, Density, and Coverage (PRDC) [103] provide a
detailed analysis of how much the generated and real image distributions
overlap in feature space. Unlike single-number scores such as FID or KID,
which combine fidelity and diversity into one value, PRDC separates them
into four independent values, giving a better understanding on the gener-
ation quality. Given real samples {X;};Y, and generated samples {Y;}}Z
embedded in Inception feature space, i.e. intermediate activations extracted
from a pretrained Inception-v3 network [101], a manifold is estimated via
k-nearest neighbor (k-NN) [105] spheres:

manifold(Xy,..., Xy) :=

=

B(X;, NNDy(X;)) (4.24)

=1

where B(z, ) is the hypersphere centered at x with radius r, and NNDy(X;)
is the distance from X; to its k-th nearest neighbor within {X;}. In our
implementation, £ = 3.
Precision measures the fraction of generated samples that fall within the
real manifold, telling us whether the generated images look realistic:
1 M
Precision := — > Ly, emanifold(X1,..., X ) (4.25)
j=1
A low precision means the generator is producing images that do not look
like real ones.
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Recall measures the fraction of real samples that fall within the gener-
ated manifold, telling us whether the generator covers the full variety of real

scenes:
N

1
Recall := N Z ]lXiEmanifold(Yh...,YM) (426)
i=1
A low recall means the generator is missing parts of the real distribution.
Density answers the same question as precision but in a more stable way.
Instead of a binary yes/no decision, it counts how many real neighborhood
spheres contain each generated sample, making it less sensitive to outliers:

‘ 1 M N
Density := i DD Ly,eB(X, NNDy(X)) (4.27)
i=1i=1

Coverage does the same for recall, measuring the fraction of real samples
whose nearest generated neighbor falls within their £-NN sphere:

1 N
Coverage = N Z ILHXi—NNY(Xi)HSNNDk(Xi) (428)
=1

where NNy (X;) is the nearest neighbor of X; in {Y;}. Higher values are
better for all four metrics. For example, a generation method might produce
very realistic images but only for certain scenes (high precision, low recall),
while another might cover all conditions but with lower quality (low precision,
high recall). PRDC makes these differences visible.

Vehicle Consistency Metrics

Vehicle consistency metrics evaluate whether vehicles detected in the ground
truth image are also detected in the corresponding generated image. Both im-
ages are processed with YOLOv8n [106], pretrained on the COCO dataset [107],
which contains 80 object classes including vehicle categories relevant to our
scenario: cars, trucks, buses. The model takes each image as input and
outputs a set of bounding boxes, each with a class label and a confidence
score. We filter out detections with a bounding box area below 600 pixels
to discard small, unreliable detections. The remaining bounding boxes from
ground truth images and generated images are then matched using greedy
[oU matching with a threshold of 0.5: for each ground truth vehicle, the
generated detection with the highest IoU is selected as its match, provided
the overlap exceeds the threshold. IoU represent the intersection area of the
predicted bound boxes.
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Vehicle Recall measures the fraction of ground truth vehicles that were
successfully matched in the generated image:

|matched|

1=
Reca |GT vehicles|

(4.29)

It tells us how many of the vehicles in the real scene are also present in the
generated image.

Vehicle Precision measures the fraction of detected veicles present in
the generated images that also appearse in the ground truth.

|matched|
|Gen vehicles|

Precision =

(4.30)

It is useful cause we want to know if the model predicted actually consitent
values.

Vehicle Average IoU is the mean Intersection over Union of all matched
vehicle pairs:

1 |matched|

S ToU®GY, b5 (4.31)

Avg IoU = ———
Ve o |matched| /=

It tells us how well the position of vehicles in the generated image corresponds
to their position in the ground truth. Higher values for all three metrics
indicate better preservation of vehicle appearance and positioning.

Temporal Consistency Metrics

We additionally employ single image metrics such as SSIM, PSNR, MSE,
and CPL for assessing temporal consistency. This is important because we
want each newly generated frame to be visually coherent with the previous
one, avoiding visual inconsistencies between consecutive frames. We compute
these metrics on each pair of consecutive generated frames (I3, I;11), using the
same formulations as the single-image metrics but applied between adjacent
generated frames rather than between generated and ground truth images.

4.7.2 Neural Rendering Techniques Parameter Selec-
tion

Each neural rendering technique under evaluation presents different param-
eters that can affect the quality of the generated images. Using different
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parameter configurations can lead to images that match the real world more
or less accurately. Before evaluating the ability of each technique to trans-
late simulated data into data that resembles the real world, it is therefore
necessary to identify, for each technique, the parameter configuration that
achieves the most promising quality on generated images. We achieve this
by performing a study of different parameter configurations for each tech-
nique. This study is conducted on a subset of the validation set described in
Section 4.4.2.

Stable Diffusion Parameter Selection

Stable Diffusion is highly sensitive to inference parameters. Incorrect con-
trol guidance values can produce images with severe artifacts or unrealistic
appearance, making parameter selection essential before evaluation. In this
study we have considered the following parameters: i) Control guidance, con-
sisting of a start and end value for each conditioning input (semantic segmen-
tation, instance segmentation, and temporal conditioning), which determine
the portion of the denoising diffusion process each ControlNet can influence.
it) Guess mode [71], which can either be enabled or disabled. When enabled,
ControlNet relies more on the structural conditioning inputs, so in our case
semantic segmentation maps, instance maps, and the previously generated
frame, rather than on the text prompt to guide the generation. i) Seed,
which determines the initial noise pattern for the generation process. It can
be set to a fixed value for reproducibility or randomized across frames.

Due to the large parameter space, we adopted a multi-stage selection pro-
cess. In the first stage, a preliminary exploration is performed prior to the
research question evaluation to identify the subset of the parameter space
that produces acceptable visual quality. In the second stage, configurations
near the best candidates identified in the first stage are selected and their
results are used in the evaluation of the second research question.

Preliminary Parameter Exploration

In the preliminary exploration, since it is infeasible to evaluate all possible
combinations of control guidance values, we discretize the parameter space
by sampling start and end values at 0.00, 0.33, 0.66, 1.00 of the denoising
process. This yields 6 valid control guidance combinations per ControlNet
channel (where end > start), resulting in 63 = 216 total combinations across
three channels. Imposing the constraint that at least one ControlNet must
be active at every timestep of the denoising process reduces this to 163 valid
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configurations. To efficiently explore this space, we apply farthest-point sam-
pling [108]: the first configuration is chosen randomly, and each subsequent
one is selected as the point that maximizes the minimum Euclidean distance
to all previously selected points in the 6-dimensional parameter space (3 start
values + 3 end values). This greedy strategy ensures that each new sample
is as far as possible from the entire set of already selected configurations,
providing diverse and uniform coverage of the valid parameter space. Us-
ing this method, we selected 25 representative configurations. Each sampled
configuration is evaluated with fixed or random seed and guess mode set to
either enabled or disabled, resulting in a total of 100 configurations. For
each configuration, 10 frames are generated using the Stable Diffusion and
ControlNet models trained on the validation run. The number of generated
frames is intentionally limited to reduce computational cost, as the purpose
of this stage is only to determine whether a configuration produces visu-
ally plausible images and preserves the structural information provided by
the ControlNet inputs. In practice, a small number of frames is sufficient
to detect configurations that generate clear artifacts or fail to maintain the
expected scene layout.

All 100 generated sequences are then evaluated through manual inspec-
tion. Three human evaluators are asked to answer a binary question for each
sequence: does the generated output represent an acceptable representation of
the scene? The evaluation focuses only on whether the output is structurally
correct and free from major artifacts, rather than on subtle perceptual dif-
ferences. This step allows us to discard configurations that clearly fail to
produce valid outputs. The configurations are also ranked using the image
quality metrics described in Section 4.7.1. These metrics provide an auto-
matic measure of similarity between generated images and their real-world
counterparts. However, following the observation by Lambertenghi et al. [94]
that image quality metrics do not always correlate with correct driving be-
havior or perceptual validity, metric scores alone are not considered sufficient
to select the best configurations. The final selection is therefore performed
by combining both criteria. Among the configurations that are deemed ac-
ceptable by human evaluators, we select the three configurations with the
best ranking according to the image quality metrics. These top three con-
figurations define the promising regions of the parameter space that will be
further analyzed in the subsequent stage of the evaluation.
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Focused Parameters Exploration

Once the preliminary parameter exploration is completed, its results are used
to guide a second, more detailed exploration of the parameter space. In par-
ticular, we analyze the three most promising configurations identified during
the preliminary exploration in order to extract general rules that define the
focused exploration stage. The analysis focuses on four aspects. First, we
determine whether I) the random seed should be fixed or randomized, and
IT) whether guess mode should be enabled or disabled. Once these global
parameters are determined, we analyze the ControlNet activation patterns
to derive rules for the scheduling of each model during the denoising process.
For each ControlNet, we extract III-IV-V) the start and end region of the
denoising process in which the ControlNet should be active, and the fraction
of the denoising process during which the ControlNet should remain active.
Using these rules, we define a reduced parameter space centered around the
promising configurations identified during the preliminary exploration. In
this stage, the configuration of the random seed and guess mode parameters
is fixed according to the settings observed in the three best configurations of
the preliminary exploration. Then the discretization of the ControlNet acti-
vation parameters is refined. While the preliminary exploration discretized
the start and end activation values at {0.00,0.33,0.66,1.00} of the denois-
ing process, the focused exploration allows these parameters to vary at each
percentage point of the denoising timeline, enabling a finer search within the
relevant regions of the parameter space.

From this refined parameter space, we randomly sample 50 configurations.
For each configuration, we generate 384 frames corresponding to 1/10 of the
validation scenario and evaluate the generated images using the same image
quality metrics described in Section 4.7.1. These metrics allow us to com-
pare the generated images against their real-world counterparts and obtain
a ranking of the configurations. To obtain a single score for each configura-
tion representative of all the metrics, we need to aggregate them. However,
we could not employ a direct average because different metrics use differ-
ent scales and units, which would result in metrics with larger magnitudes
dominating the final score, regardless of their actual importance.

To address this, we normalize each metric using the z-score, a standard
statistical transformation defined as:

T —p
g

z =

(4.32)

where x is the metric value for a given configuration, p is the mean of that
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metric across all configurations, and o is its standard deviation. After the
normalization, each metric is expressed on a common scale: a z-score of +1
indicates that the configuration is one standard deviation above the average
for that metric, while a z-score of —1 indicates one standard deviation below.
This allows metrics with different units and ranges to be compared on equal
terms.

Since some metrics are better when higher (e.g., PSNR, SSIM) and others
are better when lower (e.g., MSE, FID, CPL), we negate the z-scores of lower-
is-better metrics so that a higher value always indicates better performance.
The overall score for each configuration is then computed as the mean of all
its normalized metric values. Configurations are ranked by this overall score,
with higher values indicating better image generation quality.

In this phase of the selection we did not use distribution-level metrics for
assessing the quality of generated outputs. This choice was made following
the findings of Chong and Forsyth [109] and Jayasumana et al. [110], who
show that distribution-level metrics such as FID and KID produce unreliable
estimates when computed on small sample sizes, as they require large image
sets to capture meaningful statistical properties. Since we generates only
384 frames per configuration, we considered the sample size as insufficient to
produce meaningful distribution-level comparisons.

Based on this metric-based ranking, we select the top 15 configurations for
further evaluation. A human evaluation study is then conducted in order to
assess the overall visual quality and structural plausibility of the generated
outputs. For each configuration, the evaluators inspect videos of the 384
generated frames played at 30 fps, resulting in approximately 13 seconds of
video per configuration. For the human study, we asked three independent
evaluators to rank the generated videos of the top 15 configurations according
to their preferences and perceived quality. The ground truth video from the
validation set was also included among the configurations to verify that the
evaluators were providing reliable and attentive judgments.

We decided to compare videos instead of single images to assess both the
quality of individual generated frames and the temporal consistency among
subsequent frames. We adopted a side-by-side layout to enable direct com-
parison between configurations, rather than asking evaluators to remember
previously watched videos. This is important in this stage of the evaluation,
where differences between configurations are smaller and a direct compari-
son provides a more reliable way to distinguish them. The evaluators were
presented with two videos from different parameter configurations simulta-
neously, displayed side by side, as shown in Figure 4.17, and asked to answer
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Figure 4.17: Screenshot of the human evaluation interface. Two generated
video sequences are displayed side by side, and the evaluator selects the one
that produces a more realistic representation of the scene.

the question: which of the two videos produces a more realistic representation
of the scene? The left-right placement of each pair was randomized to avoid
position bias. After the first comparison, which established the first and
second positions in the ranking, each subsequent configuration was inserted
using a binary search procedure [4]: the new video was compared against
the configuration currently in the middle of the ranking, and based on the
evaluator’s choice, the search continued in the upper or lower half, where the
evaluator was asked again to compare against the new middle element, re-
peating until the correct position was found. This approach requires O(logn)
comparisons per configuration, resulting in a total of 42 pairwise comparisons
and an average evaluation time of approximately 15 minutes per evaluator,
keeping the evaluation manageable.

The final configuration is selected by the average rank across the three
evaluators.

4.7.3 NeRF and 3DGS Parameter Selection

Unlike Stable Diffusion, which requires extensive parameter tuning, NeRF
and 3DGS implementations benefit from well-established default training
configurations provided by Nerfstudio [82], making the parameter selection
significantly simpler. The only parameter we evaluate is the undersampling
rate applied to the training frames. Since the driving recordings are captured
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at 30 fps, consecutive frames are highly redundant, providing minimal ad-
ditional viewpoint diversity for scene reconstruction. Training on all frames
would significantly increase computational and memory costs without mean-
ingful improvements in reconstruction quality. Furthermore, nearly identical
adjacent frames add little geometric baseline, which is a key factor for accu-
rate depth estimation in neural rendering methods [82].

Subsampling the training dataset reduces the level of redundancy while
preserving an acceptable level of scene coverage and multi-view overlap. How-
ever, an aggressive subsemple rate may compromise view diversity. We there-
fore evaluate different undersampling rates to identify the configuration that
best balances scene coverage, reconstruction quality, and computational effi-
ciency. Specifically, we evaluate three subsampling rates: 1/2, 1/3, and 1/5
of the original frame rate. For each rate, we train a separate model using
the training pipeline described in Section 3.5.1 on the validation dataset. We
then use the trajectory replay module described in Section 3.6.1 to generate
the first 384 frames for each configuration. To select the best undersampling
rate, we conduct the same human evaluation study that we did for Stable
Diffusion, comparing the three generated videos and the ground truth se-
quence, for both NeRF and 3DGS, resulting in four configurations in total.
The final undersampling rate for each technique is selected as the one ranked
highest by the evaluators.

4.7.4 Procedures

We use the training models component of our framework (Section 3.5.1)
to train SD, NeRF, and 3DGS on the testing datasets introduced in Sec-
tion 4.4.2. Specifically, we train each the techniques under the three different
weather conditions in which we have taken our testing datasets, this is done
to assess image quality across multiple datasets with visually different char-
acteristics. After training, we obtain a total of nine models, one for each
combination of technique and weather condition. For 3DGS and NeRF, we
use the testing datasets undersampled at the optimal rate identified in the
previous section, and for SD during inference we employed the best congi-
furation found after human evaluation. We then load the driving scenario
in CARLA in Section 4.6.2, and use the trajectory replay component of our
framework (Section 3.6.1) to replay the real-world trajectory in the simulated
scenario, collecting a generated image at each position along the trajectory
corresponding to the positions where the real-world images were captured.
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At the end of this process, we obtain a set of generated images for each tech-
nique and for each weather condition. We then evaluate the quality of these
images separately for each weather condition using the metrics presented in
Section 4.7.1 and compare the results across the different techniques. Unlike
the parameter selection phase, where only 384 frames were generated per
configuration, here we generate images for the entire testing dataset, which
consist for respectivelly the smaller and biggest to 1734 frames and 3895
frames, providing a sufficient sample size to compute also distribution-level
metrics.

4.8 RQ3: System level Behavior

How does the System Under Test behave in system-level testing when fed
with raw synthetic images or with generated images compared to real-world
baseline behavior in the same driving scenario and in the same weather con-
dition?

In this research question, we aim to evaluate the effectiveness of the dif-
ferent neural rendering techniques in terms of system-level testing of au-
tonomous driving systems. To this end, we provide our system under test
with raw synthetic images, images generated by Stable Diffusion, NeRF, and
3DGS, and compare the resulting driving behaviors against real-world base-
line in the same driving scenario and weather condition. This evaluation is
important as it goes beyond image quality assessment: as shown by Lam-
bertenghi et al. [94], image quality metrics alone do not always correlate with
correct driving behavior. By comparing system-level outputs, we can deter-
mine which technique most effectively reduces the reality gap in terms of how
the system actually behaves, rather than relying on image quality metrics.

4.8.1 Metrics

Task Completion Metrics

Task completion metrics evaluate whether the SUT tested in simulation can
successfully match the driving behavior of the real world baseline, in case
of failure how much of the scenario is completed before a failure occurs,
and what type of failures are encountered. These metrics are essential to
understand which techniques produce images of sufficient quality for the
SUT to be able to perform similarly to real world, receiving those images
as input, providing a measure of the reality gap beyond image quality alone.
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Fail Rate reports the number of runs that resulted in a failure out of
the total number of attempts. A run is considered failed if the SUT cannot
complete the driving scenario requiring human intervention in real world and
a car crash or fell out of map in simulation. This metric provides a quick
indication of which neural rendering technique best matches the real-world
baseline in system-level testing. It is important to note that the absence of
failures is not necessarily a positive result, since it may provide a false sense
of confidence if the simulation testing does not find a failure occurred in the
real world baseline.

Failure types are categorized as:

« OR (Off Road): the vehicle leaves the road unexpectedly during a
straight segment.

o CC (Car Crash): the vehicle collides with another vehicle.

o OS (Oversteering): the vehicle steers too much in a curve causing a
failure.

o US (Understeering): the vehicle does not steer enough in a curve causing
a failure.

Failure types are important not only for assessing the criticality of the
generated images, but also for evaluating whether the simulated failures are
consistent with those observed in the real world. By analyzing when and how
the SUT fails, we can identify under which conditions the generated images
are sufficient for correct driving, under which conditions they are not, and,
when a failure also occurs in the real world, whether the simulated failure
is of the same type. This analysis helps reveal which visual properties of
the generated images deviate from their real-world counterparts, providing
insight into the specific limitations of each generation technique.

Completion Rate measures the percentage of the route completed before
failure or successful termination:

deom
Completion Rate = —2xPleted 1090, (4.33)

total

where deompletea 1S the distance traveled along the driving scenario and diotal
is the total driving scenario length. We report the average, maximum, and
minimum values across runs. These values are used to assess how closely
the simulated behavior matches the real-world baseline in terms of how far
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the SUT progresses before failure or successful completion. Large differences
with respect to the real-world runs indicate that the corresponding image
generation technique does not reproduce the real-world testing conditions
faithfully enough for system-level evaluation.

Driving Quality Metrics

Driving quality metrics evaluate how closely the SUT behavior in simulation
matches its behavior in the real-world baseline, in terms of both executed
trajectory and steering smoothness. While task completion metrics indicate
whether the SUT reaches a similar outcome to the one observed in the real
world, driving quality metrics assess whether it behaves similarly while do-
ing so. A technique may allow the SUT to complete the scenario, yet still
produce trajectories or steering patterns that differ substantially from the
real-world runs, revealing a remaining reality gap. We therefore evaluate
two aspects of driving quality: trajectory similarity, which measures how
closely the simulated trajectories match the real-world ones, and steering
smoothness, which measures how closely the steering behavior in simulation
resembles that observed in the real world.

Trajectory Similarity. Fréchet Distance [99] measures the similarity
between the executed and reference trajectories as ordered sequences of points.
We compute the discrete Fréchet distance between the SUT trajectory in
simulation with the neural rendering techniques applied and each real-world
trajectory, and report the minimum value, i.e., the distance to the closest
real-world run. This accounts for the natural variability between real-world
runs, avoiding penalizing a generated trajectory that follows one valid real-
world path but not another:

dp(P,Q) = inf max ||[P(a(t)) — Q(6(1))]| (4.34)

a,B t€[0,1]

where P and () are the executed and reference trajectories respectively, and «,
[ are monotone reparameterization. Lower values indicate closer trajectory
following. This metric provides an overall measure of how closely the SUT
replicates the real-world driving path when fed with generated images.
Corridor Violation Rate measures the percentage of trajectory points
where the vehicle deviates beyond the lateral corridor defined by the real-
world trajectories. The corridor is constructed as the area defined by of all
real-world runs: at each point along the driving scenario, corridor boundaries
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are set by the minimum and maximum lateral distance observed across the
real-world trajectories. A point is considered outside the corridor when it is
outside this area:

1 N
Corridor Viol. = N > 1[d, (P, C) > 0] x 100% (4.35)
i=1

where d | (P;, (') is the lateral distance from trajectory point P; to the nearest
corridor boundary C'; and N is the total number of trajectory points. Lower
values indicate the SUT stayed close to real world runs.

Mean Excess is the average lateral deviation beyond the corridor bound-
ary, computed only over the points that violate the corridor:

Yisy di (P, C) - 1[dy (P, C) > 0]

M E =
can Excess SN 1[d, (P C) > 0]

(4.36)

Lower values indicate that when violations occur, they are minor. Two tech-
niques may have the same corridor violation rate, but one may deviate by a
few centimeters while the other deviates by several meters this metric distin-
guishes between the two.

Excess When Out is the average lateral deviation beyond the corridor
boundary, computed over all trajectory points (assigning zero excess to points
within the corridor):

1 N
Excess When Out = N > max(0,d, (P;,C)) (4.37)

i=1

This metric combines the frequency and severity of corridor violations into
a single value, providing a compact summary of the overall lateral deviation
from the real-world driving corridor. Lower is better.

Steering Smoothness. Average Steering Jitter measures the standard
deviation of the steering rate over time, capturing how erratic the steering
behavior is:

1 N (6 =6 ?
Steering Vol. = ﬁ < (At — T) (438)

where 9; is the steering angle at time step i, At is the time interval between
consecutive steps, and 7 is the mean steering rate. We use the standard
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deviation rather than the mean absolute rate because it would have penal-
ize steady curves, where the steering rate is consistently high but smooth.
The standard deviation instead captures how much the steering rate varies
around its mean, distinguishing between stable turning and nervous oscillat-
ing behavior. Lower values indicate more stable steering.

Maximum Steering Jitter captures the worst-case steering oscillation:

Oi+1 — 0

Max Jitter = max
At

ie{l,..,N—1}

(4.39)

Lower values indicate the absence of sudden, large steering corrections. While
the steering volatility may be acceptable overall, a single extreme correction
could indicate a specific frame where the generated image was particularly
unrealistic, causing a dangerous sudden reaction from the SUT.

4.8.2 Procedures

For this research question, we use the models trained in Section 4.7.4 and
the system-level simulation component of our framework (Section 3.6.2) to
let the SUT drive the vehicle in the simulated driving scenario. We test
the SUT at system level under the three different weather conditions of the
testing dataset, providing as input images generated by each neural render-
ing technique. Specifically, we perform three runs for each technique and for
each weather condition. We also let the SUT drive with raw synthetic images
only, without any neural rendering applied, to empirically demonstrate the
existence of the reality gap. Run results are compared against the real-world
driving behavior, which serves as the baseline for this evaluation using the
metrics described in 4.8.1. For successful runs, we compute the driving qual-
ity metrics discarding unsuccessful runs from this evaluation, as incomplete
trajectories would introduce bias in the comparison by mixing driving quality
with task completion issues.
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Chapter 5

Results

5.1 RQ1: Scenario Reconstruction Fidelity

5.1.1 Parked Vehicles Detection Accuracy

We evaluated both camera-based and LiDAR-based detection on the three
weather conditions of the driving scenario. Table 5.1 shows the results for
both approaches.

LiDAR-based detection significantly outperforms camera-based detection
across all metrics and conditions. The combined Fl-score is 91.20% for Li-
DAR compared to 76.34% for camera. Position error is almost four times
lower with LIDAR (0.39m vs 1.72m mean), and orientation error is about
five times lower (2.02° vs 9.92° mean).

Camera-based detection shows relatively high position errors, with a com-
bined mean of 1.72m and maximum values approaching 4m. Among the
three conditions, snowy presents the most challenging case, with the lowest
Fl-score (71.23%) and the highest mean position error (2.26m).

LiDAR-based detection maintains high precision and recall across all con-
ditions. Notably, the snowy scenario achieves 100% recall, as LiDAR mea-
sures geometry directly and is not affected by changes in visual appearance.
Position errors remain consistently below 0.5m mean across all conditions.
However, the snowy scenario also presents the lowest precision (82.61%) with
8 false positives, likely due to snow-covered objects being incorrectly detected
as vehicles.

Both methods exhibit high maximum orientation errors (up to 86° for
camera and 28° for LiDAR), but the low mean values indicate that these are
outliers affecting a small number of detections.
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Overall, LIDAR is the more reliable detection method. However, camera-
based detection still achieves acceptable results and can serve as an alterna-
tive when LiDAR data is not available. In both cases, the manual correction
step provided by the framework is used to address remaining detection errors
before the scenario is loaded in simulation.

Table 5.1: Parked vehicle detection results: Camera-based vs LiDAR-based.

Sunny Cloudy Snowy Combined
Metric Cam LiDAR Cam LiDAR Cam LiDAR Cam LiDAR
Ground Truth 89 89 90 90 38 38 217 217
Detections 73 83 81 86 35 46 189 215
True Positives 64 78 65 81 26 38 155 197
False Positives 9 5 16 5 9 8 34 18
False Negatives 25 11 25 9 12 0 62 20
Detection
Precision (%) 87.67 93.98 80.25 94.19 7429 82.61 82.01 91.63
Recall (%) 71.91 87.64 72.22 90.00 68.42 100.00 71.43 90.78
F1-Score (%) 79.01 90.70 76.02 92.05 71.23 90.48 76.34 91.20
Position

Pos. Error - Mean (m) 1.665 0.385 1.560 0.442 2.264 0.309 1.724 0.393
Pos. Error - Std (m) 0.725 0.298 1.021 0.408 0.914 0.269 0.904 0.345
Pos. Error - Max (m) 3.583 1.600 3.873 2.433 3.865 0.894 3.873 2.433
Orientation

Or. Error - Mean (°) 973 1.36 959 292 1080 1.36 992  2.02
Or. Error - Std (°) 19.03 3.03 1647 6.68 21.01 4.82 1831 5.12
Or. Error - Max (°) 76.33 14.32 70.56 28.65 86.35 28.65 86.35 28.65

5.1.2 Scenario Reconstruction Similarity

Table 5.2 report the results of the scenario reconstruction similarity. We
can observe that background is the class with the highest IoU. This is ex-
pected since in our segmentation maps everything that is not road or vehicle
is treated as background, making it the dominant class. Road IoU shows
values close to 0.90 across all three scenarios, indicating that the CARLA
map adequately represents the real-world road geometry. We observe slightly
lower values for the snowy scenario, which may be caused by snow on the
ground leading to misclassification of road pixels in the real-world segmen-
tation maps.

Vehicle IoU is the lowest across all classes. This can be attributed to dif-
ferences in vehicle dimensions between the real world and CARLA, since we
do not control the exact size of the spawned vehicles in simulation. Addi-
tionally, small misalignments in parked vehicle positions can further reduce
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Table 5.2: Semantic segmentation IoU results between CARLA and real-
world segmentation maps.

Metric Sunny Cloudy Snowy Combined

BG IoU  0.931 + 0.035 0.937 + 0.024 0.929 + 0.032 0.933 + 0.031
Car ToU  0.581 £+ 0.202 0.552 £+ 0.198 0.509 + 0.253 0.556 + 0.214
Road IoU 0.915 4+ 0.030 0.912 4+ 0.030 0.872 + 0.129 0.905 + 0.066
mloU 0.815 + 0.072 0.802 + 0.068 0.786 + 0.118 0.805 £ 0.083

the overlap between real and simulated vehicle pixels.

5.1.3 Summary

The framework estimates parked vehicle coordinates accurately enough for
scenario reconstruction, with LiDAR-based detection providing the most re-
liable results across all tested weather conditions. Camera-based detection
is less accurate, but still usable as a fallback solution when LiDAR data is
unavailable.

The framework also reconstructs the driving scenarios in simulation with
a good degree of fidelity. The high similarity observed for the road and back-
ground classes shows that the overall scene layout is reproduced faithfully,
while the lower similarity for vehicles indicates that vehicles positioning re-
mains more challenging. These limitations are mainly caused by differences
in vehicle dimensions between the real world and CARLA. Nevertheless, the
results confirm that the framework can reconstruct the driving scenario with
sufficiently high fidelity for our use, which enables us to isolate reconstruction
errors from the subsequent research questions.

5.2 RQ2: Generated image quality

5.2.1 Parameters Selection

Stable Diffusion

Preliminary Parameters Selection In the preliminary parameters selec-
tion, we found that the configurations labeled as acceptable by human eval-
uators also ranked in the top three positions by overall metric score across
all 100 tested configurations. Table 5.3 reports the average overall score
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Table 5.3: Average metric scores for the top 3 configurations identified in
the preliminary exploration compared to the remaining 97. All scores are
standardized (z-score); higher is better.

Group N Overall Single Image Vehicle Temporal
Top 3 3 1.075 + 0.051 0.893 + 0.057 0.878 + 0.102 1.451 + 0.103
Other 97 —0.033 £ 0.507 —0.028 £ 0.617 —0.027 £ 0.941 —0.045 £ 0.924

Figure 5.1: Activation ranges of the three ControlNets for the top 3 config-
urations from the preliminary parameter selection.

and per-category scores with their standard deviations for the top 3 config-
urations compared to the remaining 97. The top 3 configurations achieved
substantially higher scores across all metric categories, indicating a strong
agreement between human judgment and the automatic evaluation metrics
in this stage of the evaluation.

The three best configurations all share a fixed seed and guess mode set to
TRUE. Regarding the ControlNet activation schedules, Figure 5.1 provides
insights on activation time of each ControlNet. Specifically it shows that the
semantic segmentation ControlNet is active for the entire diffusion process
in all three configurations. The temporal ControlNet is active only for the
first 33% of the process in the first and third configurations, and from 33%
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to 66% in the second configuration. The instance segmentation ControlNet
shows the most variability across the three configurations, being active over
different ranges of the denoising process. Figures 5.2a, 5.2b, and 5.2¢ present
sequences of three generated frames from the three highest-ranked configu-
rations. In contrast, Figures 5.3a, 5.3b, and 5.3c illustrate examples of the
worst-performing configurations, respectively for overall image quality, vehi-
cle representation, and temporal consistency. The presented examples show
that an inappropriate parameter configuration can lead to artifacts and un-
realistic visual appearance in the generated images, even when the same
trained Stable Diffusion model is used.
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(a) Configuration 1: Seg [0.0-1.0], Inst [0.0-0.33], Temp [0.0-0.33]

(b) Configuration 2: Seg [0.0-1.0], Inst [0.0-1.0], Temp [0.33-0.66]

(¢) Configuration 3: Seg [0.0-1.0], Inst [0.33-1.0], Temp [0.0-0.33]

Figure 5.2: Examples of Stable Diffusion generated images with different
ControlNet configurations from the coarse grid exploration.
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(a) Worst single image quality: Seg [0.0-0.33], Inst [0.0-0.66], Temp [0.0-1.0]

(b) Worst vehicle detection: Seg [0.0-0.33], Inst [0.66—1.0], Temp [0.0-1.0]

(¢) Worst temporal consistency: Seg [0.0-0.33], Inst [0.66-1.0], Temp [0.0-0.33]

Figure 5.3: Examples of worst performing Stable Diffusion configurations
from the coarse grid exploration, ranked by different metric categories.

Focused Parameter Selection Given the results obtained in the previ-
ous section, we identify the following search space rules: 1) Seed should be

fized.
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IT) Guess mode should be TRUE.

III) The Segmentation ControlNet was active for the entire denoising process
in all three top configurations. We therefore consider that the Segmentation
ControlNet should start near the beginning, and end near the end of the
denoising process.

IV) The Temporal ControlNet was active for exactly one third of the denois-
ing process in all three top configurations, in two different time windows:
0%-33% and 33%-66%. We therefore consider that the Temporal Control-
Net should be active for approximately one third of the denoising process,
within the first 66%.

V) The Instance ControlNet was active for 100%, 66%, and 33% of the denois-
ing process respectively in the three top configurations, each with different
starting points. We were not able to derive a specific rule for this ControlNet,
as such we will allow random starting, ending, and duration parameters.

We randomly generated 50 configurations following these rules for the fo-
cused evaluation stage. Since the preliminary exploration discretized the
control guidance values at fixed intervals, in this stage we refine the search
by allowing each parameter to vary at each percentage point of the denoising
timeline, while still respecting the overall rules derived from the top 3 con-
figurations. Specifically, for the semantic segmentation ControlNet, we allow
it to start after 0% and end before 100%, but always before 33% and after
66% respectively, with the constraint that it must remain active for more
than two thirds of the diffusion process, matching the behavior observed in
the preliminary evaluation. For the temporal ControlNet, we allow it to be
active for more than 33% but less than 66% of the process, with a starting
point ranging from 0% to 60%. For the instance segmentation ControlNet,
since no consistent pattern was identified, we explore the full range of pos-
sible values. Additionally, we maintain the constraint from the preliminary
exploration that at least one ControlNet must be active at every timestep of
the diffusion process.

Among the focused 50 configurations we selected the best 15 configurations
scored by metrics and performed the human study introduced in Section 4.7.2
to find the best possible configuration.

Table 5.4 reports the top 15 configurations selected for the focused param-
eter study, ordered by human evaluation score, with rank 1 corresponding to
the configuration most preferred by the evaluators. For each configuration,
the table lists the ControlNet guidance start and end values for the segmen-
tation, instance, and temporal conditions, together with the corresponding
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overall automated metric score. Figure 5.4 complements this table by visu-
alizing the same set of configurations from the perspective of the automated
evaluation. On the x-axis, the 15 configurations are arranged according to
their metric-based ranking, while the red numbers above each group indi-
cate the corresponding human ranking for that configuration. Each group
contains three bars showing the normalized scores for single-image quality,
vehicle consistency, and temporal consistency. Taken together, the table and
the figure show that there is no clear correlation between human prefer-
ence and automated quality metrics in the focused parameter selection task.
Although the automated metrics were effective during the preliminary explo-
ration stage for filtering out clearly poor configurations, they did not align
well with human judgment among the top candidates. In particular, the met-
rics were useful for rejecting unacceptable generations, but less reliable for
distinguishing subtle quality differences between visually similar results. For
example, the configuration ranked first by human evaluators was placed only
8th by the overall automated metric score. This finding supports the need for
human evaluation in the final selection stage when the differences between
candidate configurations are small. The configuration ranked first by the
evaluators, with ControlNet guidance scales Seg: [0.0-1.0], Inst: [0.0-0.6],
Temp: [0.35-0.55], was therefore selected for all subsequent experiments.
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Figure 5.4: Top 15 configuration of ControlNets guidance scales ranked by
overall metrics.

NeRF and 3DGS

For NeRF and 3DGS, the automated ranking and the human evaluation
were consistent in identifying the undersampling rate of 1/2 as the preferred
overall configuration. Unlike the Stable Diffusion parameter study, where
the number of tested configurations was too large to report all metric values
in detail, here only three configurations were evaluated for each generation
model. For this reason, Tables 5.5 and 5.6 report the complete set of quan-
titative results, grouped into single-image quality, vehicle consistency, and
temporal consistency metrics.

For NeRF (Table 5.5), the comparison between 1/2 and 1/3 is relatively
close. The 1/2 setting achieves the best MSE (78.58), PSNR (29.18), CPL
(4.1220), SegScore (50.16), and temporal CPL (0.2663), whereas 1/3 per-
forms slightly better on SSIM (0.4574 vs. 0.4572), vehicle recall (0.3740 vs.
0.3660), vehicle precision (0.3560 vs. 0.3549), temporal SSIM (0.8487 vs.
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Table 5.4: Top 15 configurations from the focused exploration, ranked by
human. The selected configuration is highlighted in bold.

Guidance Start Guidance End
Human Score Seg Inst Temp Seg Inst Temp Score Overall

1 0.0 00 035 1.0 0.6 0.55 -0.066
2 0.0 0.45 0.3 1.0 1.0 0.55 -0.055
3 0.0 0.0 0.0 0.7 1.0 0.25 -0.168
4 0.0 04 0.0 1.0 0.8 0.25 -0.177
5 0.0 03 035 1.0 0.7 0.5 0.513
6 0.0 0.3 035 1.0 1.0 0.5 0.644
7 0.0 0.0 0.3 1.0 0.5 0.5 -0.094
8 0.0 0.0 0.0 07 1.0 0.25 -0.167
9 0.0 0.3 035 1.0 08 0.55 0.336
10 0.0 0.0 0.0 0.8 1.0 0.2 -0.398
11 0.0 0.0 0.3 1.0 1.0 0.6 0.045
12 0.0 0.2 0.3 1.0 08 0.55 -0.160
13 0.0 0.45 0.0 1.0 1.0 0.2 -0.050
14 0.0 0.0 0.0 08 1.0 0.2 -0.350
15 0.0 0.0 0.0 1.0 0.35 0.3 0.147

0.8483), temporal PSNR (29.88 vs. 29.79), and temporal MSE (117.64 vs.
119.55). The 1/5 configuration is generally weaker, although it achieves the
highest vehicle average IoU (0.6237 compared to 0.6221 for both 1/2 and
1/3). Overall, the NeRF results show that 1/2 and 1/3 are competitive,
with 1/2 being preferred by the final ranking despite 1/3 outperforming it
on several individual metrics.

For 3DGS (Table 5.6), the advantage of 1/2 is clearer. It achieves the best
MSE (70.17), PSNR (29.67), CPL (2.5023), vehicle recall (0.3652), temporal
SSIM (0.8372), temporal PSNR (31.01), temporal MSE (121.42), and tem-
poral CPL (0.1079). The 1/3 configuration only slightly improves over 1/2 in
SegScore (49.89 vs. 50.03), vehicle precision (0.3563 vs. 0.3562), and vehicle
average loU (0.6245 vs. 0.6224), while 1/5 gives the highest SSIM (0.4610)
but is substantially worse on several other metrics, including CPL (3.9879),
SegScore (60.68), and temporal MSE (231.03). These results indicate that,
for 3DGS, the 1/2 configuration provides the strongest and most balanced
performance overall.

Therefore, unlike the focused Stable Diffusion parameter selection task,
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where the top configurations were not well separated by the automated met-
rics, in this validation setting the quantitative evaluation is much more con-
sistent with human judgment. In particular, Figure 5.5 shows that the overall
metric-based ranking is aligned with the human evaluation for both NeRF
and 3DGS, even though, in the NeRF case, some individual metrics still favor
the 1/3 configuration.

(a) NeRF (b) 3DGS

Figure 5.5: Categories metrics scores ordered by Score_Overall with human
ranking overlay for NeRF and 3DGS validation configurations across under-
sample rates.
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Table 5.5: Quantitative evaluation of NeRF across undersample rates on the
validation scenario.

Undersample Rate

Metric 1/2 1/3 1/5
Single Image

MSE | 78.58 85.14 83.63
PSNR 1 29.18 28.84 28.91
SSIM 1 0.4572 0.4574 0.4535
CPL | 4.1220 4.3390 4.2139
SegScore |, 50.16 50.19 50.21
Vehicle Consistency

Veh. Recall 1 0.3660 0.3740 0.3699
Veh. Precision 1 0.3549 0.3560 0.3518
Veh. Avg IoU 1 0.6221 0.6221 0.6237
Temporal Consistency

Temp. SSIM 1 0.8483 0.8487 0.8402
Temp. PSNR 1 29.79 29.88 29.23
Temp. MSE | 119.55 117.64 134.65
Temp. CPL | 0.2663 0.2904 0.2984
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Table 5.6: Quantitative evaluation of 3DGS across undersample rates on the
validation scenario.

Undersample Rate

Metric 1/2 1/3 1/5
Single Image

MSE | 70.17 70.39 73.18
PSNR 1 29.67 29.66 29.51
SSIM 1 0.4539 0.4536 0.4610
CPL | 2.5023 2.7824 3.9879
SegScore |, 50.03 49.89 60.68
Vehicle Consistency

Veh. Recall 1 0.3652 0.3646 0.3260
Veh. Precision 1 0.3562 0.3563 0.3233
Veh. Avg IoU 1 0.6224 0.6245 0.5493
Temporal Consistency

Temp. SSIM 1 0.8372 0.8323 0.8324
Temp. PSNR 1 31.01 30.28 28.73
Temp. MSE | 121.42 126.33 231.03
Temp. CPL | 0.1079 0.1192 0.4313
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(a) Ground Truth Real World Image

(b) 3DGS

(c) NeRF

(d) SD

Figure 5.6: Comparison of the same frame across generation techniques.
Ground truth from Real World, followed by 3DGS, NeRF, and Stable Diffu-
sion outputs.
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5.2.2 Generated Image Quality

Table 5.7: Qualitative evaluation of trajectory replay across weather condi-
tions and generation methods.

Cloudy Snowy Sunny
Metric 3DGS  NeRF SD 3DGS  NeRF SD 3DGS  NeRF SD
Single Image
MSE | 79.07  88.58 97.62  82.66  90.55 99.41 79.24  87.30 97.06
PSNR 1 29.17  28.69 28.24  28.98  28.57 28.16  29.17  28.74 28.27
SSIM 1 0.3835 0.3905 0.3685 0.3692 0.3765 0.3327 0.4067 0.4120 0.3992
CPL | 3.7616 4.6740 6.4171 4.9581 5.6666 9.3890 4.0396 4.4642 6.1026
SegScore | 59.16 59.45  48.29  54.70 53.31 42.45  61.66 62.30  46.80
Vehicle Consistency
Veh. Recall 0.2628 0.2386 0.3268 0.3123 0.3113 0.2814 0.2926 0.2936 0.3218
Veh. Precision 1 0.2801 0.2581 0.3753 0.3218 0.3319 0.3578 0.3003 0.3051 0.3561
Veh. Avg IoU 1 0.4221 0.4054 0.4636 0.4004 0.4006 0.3773 0.4348 0.4308 0.4602
Distribution
FID | 31.18  44.35 99.32  42.05 55.71 11537 31.78  35.25 91.44
KID | 0.0085 0.0144 0.0707 0.0140 0.0167 0.0637 0.0088 0.0090 0.0516
ISt 2.8071 2.7369 2.1187 2.8088 2.8384 2.1629 2.7176 2.6836 2.1309
MMD-RBF | 0.0126 0.0195 0.0944 0.0183 0.0208 0.0843 0.0127 0.0133 0.0722
PRDC Prec. 1 0.0019 0.0013 0.0000 0.0091 0.0000 0.0000 0.0000 0.0000 0.0000
PRDC Rec. 1 0.0000 0.0013 0.0000 0.0097 0.0000 0.0000 0.0000 0.0000 0.0000
PRDC Dens. 1 1.3358 1.3364 1.3334 1.3406 1.3377 1.3421 1.3583 1.3615 1.3493
PRDC Cov. 1 0.0013 0.0010 0.0000 0.0051 0.0000 0.0000 0.0000 0.0000 0.0000
Temporal Consistency
Temp. SSIM 1 0.7662 0.7791 0.9546 0.6906 0.7185 0.9579 0.8107 0.8196 0.9643
Temp. PSNR 1 26.83 27.50  31.97  25.69 26.33  32.87 2897 29.05  33.48
Temp. MSE | 255.18  204.79  59.77 291.26 217.26 49.04 169.21 154.24 43.22
Temp. CPL | 0.2200 0.2946 0.2767 0.5378 0.5857 0.5172 0.1971 0.2271 0.2207

The Table 5.7 presents the results of Neural Rendering Techniques considered
in our evaluation across all the presented metrics. Results are obtained by
comparing generated image using trajectory replay 3.6.1 and their baseline
real-world counterparts.

Single Image Quality. From the results reported in Table 5.7, we can
see that in single image metrics, 3DGS consistently achieved the best re-
sults across all weather conditions in MSE (e.g., 79.07 vs. 88.58 for NeRF
and 97.62 for SD in cloudy), PSNR (e.g., 29.17 vs. 28.69 and 28.24), and
CPL (e.g., 3.76 vs. 4.67 and 6.42), while NeRF obtained the best results
in terms of SSIM (e.g., 0.3905 vs. 0.3835 for 3DGS) and SD achieved the
best SegScore (e.g., 48.29 vs. 59.16 for 3DGS and 59.45 for NeRF), while
instead it performed considerably worse in each of the other metrics. This
ranking reflects the fundamental difference in how these techniques generate
images: 3DGS and NeRF synthesize novel views by rendering a reconstructed
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3D representation of the scene from a new viewpoint. Stable Diffusion, on
the other hand, generates images through a learned denoising process con-
ditioned on structural inputs, which introduces a higher degree of variation
from the real-world appearance.

Distribution Metrics. The distribution-level metrics reinforce this obser-
vation, confirming that 3DGS and NeRF produce image distributions that
are closer to the real-world distribution than those generated by Stable Diffu-
sion. In particular, 3DGS achieved the best FID (31.18 in cloudy, compared
to 44.35 for NeRF and 99.32 for SD), KID (0.0085 vs. 0.0144 and 0.0707),
and MMD-RBF (0.0126 vs. 0.0195 and 0.0944) scores, outperforming NeRF,
which in turn performed better than Stable Diffusion.

Vehicle Consistency. Interestingly, the vehicle consistency metrics show
the opposite trend, with Stable Diffusion achieving better results than 3DGS
and NeRF in terms of vehicle positioning. For example, in the cloudy condi-
tion, SD obtained a vehicle precision of 0.3753 and an average IoU of 0.4636,
compared to 0.2801 and 0.4221 for 3DGS, and 0.2581 and 0.4054 for NeRF.
This is due to alignment errors introduced during trajectory replay, as il-
lustrated in Figure 5.7: although 3DGS and NeRF produce images that are
closer to the real world in terms of visual quality, small errors in the tra-
jectory alignment can place the virtual camera at slightly different positions
than the original real-world viewpoints. This causes vehicles to appear at
different locations than in the ground truth images, reducing the vehicle
detection matching scores. Stable Diffusion does not suffer from this issue
because it is conditioned on the semantic segmentation maps from the simu-
lator, where vehicles are placed by our framework at positions matching the
real world. As a result, vehicles in the generated images appear at the same
locations as in the ground truth, regardless of camera alignment errors.

Temporal Consistency. Perhaps the most counterintuitive result is that
Stable Diffusion achieves better temporal consistency scores than 3DGS and
NeRF, despite producing visually less consistent sequences, as shown in Fig-
ure 5.8. For instance, in the cloudy condition, SD achieved a temporal SSIM
of 0.9546 and a temporal MSE of 59.77, compared to 0.7662 and 255.18
for 3DGS, and 0.7791 and 204.79 for NeRF. When inspecting the gener-
ated videos, 3DGS and NeRF maintain a coherent scene across frames, while
Stable Diffusion can produce noticeable changes in objects and background
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Figure 5.7: Frames generated from the same position by the three techniques
compared against the ground truth. Left: ground truth. Center: 3DGS
and NeRF, which exhibit perspective misalignment due to trajectory replay
errors. Right: Stable Diffusion, whose perspective more closely resembles
the real-world viewpoint thanks to its conditioning on semantic segmentation
maps.

between consecutive frames. However, the temporal metrics compare pairs of
consecutive frames at the pixel level: in Stable Diffusion, although the scene
content may change, a large portion of pixels between consecutive frames
remains identical due to the conditioning on similar structural inputs, as vis-
ible in the heatmaps in Figure 5.9. In contrast, 3DGS and NeRF, despite
maintaining a globally consistent scene, introduce small pixel-level variations
between consecutive frames due to the rendering process, which the tempo-
ral metrics penalize more heavily. This highlights a limitation of pixel-based
temporal consistency metrics, which do not fully capture the perceptual co-
herence of a sequence.

5.2.3 Summary

3DGS generates the most similar images compared to their real-world coun-
terparts, consistently achieving the best results in single image quality met-
rics (MSE, PSNR, CPL) and distribution metrics (FID, KID, MMD-RBF)
across all weather conditions. NeRF follows closely, obtaining the best SSIM
scores and ranking second in most other metrics. Stable Diffusion produces
the least similar images in terms of visual fidelity, due to the inherent vari-
ability of its generative denoising process. However, Stable Diffusion achieves
better vehicle consistency scores thanks to its conditioning on semantic seg-
mentation maps, which avoids the perspective misalignment issues that af-
fect 3DGS and NeRF during trajectory replay. Similarly, Stable Diffusion
obtains higher temporal consistency scores at the pixel level, although visual
inspection reveals that 3DGS and NeRF produce perceptually more coherent
sequences across frames, highlighting a limitation of the pixel-based metrics
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(a) 3DGS: coherent scene appearance with small pixel-level variations.

(b) Stable Diffusion: noticeable changes in objects and background despite higher
pixel-level temporal consistency scores.

(c) NeRF: coherent scene appearance similar to 3DGS.

Figure 5.8: Temporal consistency comparison: sequences of frames generated
by the three techniques across 1/3 of second.

proposed to evaluate temporal consistency. These results highlight that im-
age quality metrics alone do not fully capture the differences between these
techniques: while 3DGS and NeRF are superior in visual fidelity, Stable
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(a) 3DGS heatmap of different pixels in consecutive generated frames.

(b) Stable Diffusion heatmap of different pixels in consecutive generated frames.

Figure 5.9: Heatmaps of pixel-level differences between generated frames and
the corresponding ground truth for 3DGS and Stable Diffusion.

Diffusion benefits from its conditioning mechanism in terms of structural
alignment.

5.3 RQ3: System level Behavior

Table 5.8 reports the system-level testing results, including the fail rate (num-
ber of runs in which the driving model failed to complete the route), the
completion rate (average, maximum, and minimum percentage of the route
completed), and the failure type classification (out of road, car crash, over-
steer, or understeer) for each technique and weather condition. Figure 5.10
shows the corresponding driving trajectories produced by the driving model
in each domain across sunny, cloudy, and snowy conditions, where the real-
world trajectory serves as the baseline for comparison.

From the success/failure metrics reported in and the trajectory plots in
Figure 5.10, we first observe that in raw simulation runs without neural
rendering applied, the SUT never completed the driving scenario, showing a,
completion rate consistently below 40% across all conditions. This confirms
the existence of the reality gap and motivates the use of proposed techniques
to mitigate it.

Among the tested techniques, 3DGS achieved the best results. The SUT,
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when fed with 3DGS-generated images, successfully completed all runs in
both sunny and cloudy conditions, matching its behavior in the real world.
From Figure 5.10(b), we also observe that in snowy conditions, two out of
three runs failed near the same location where a real-world failure occurred.
However, in one run the SUT exceeded the real-world completion rate, stop-
ping shortly after due to 3DGS being unable to render views from positions
never seen during training. This highlights a risk, as it could provide over-
confidence in the SUT’s capabilities, and underlines the difficulty of perfectly
replicating real-world physical conditions in simulation.

NeRF is the second best performing technique in terms of completion
rate. With NeRF images as input, the SUT successfully completed all runs
in the cloudy condition, matching the real-world baseline. However, in the
sunny condition the SUT never reached the end of the scenario as it did
in the real world and with 3DGS employed, failing at a point where no
failures were observed in the real-world baseline. From Figure 5.10(c), in
the snowy condition the SUT surpassed two of the real-world runs in terms
of completion rate, but never reached the maximum completion observed in
the baseline, presenting failures in a specific location that however was never
observed in the real world.

Stable Diffusion is the worst performing technique. The SUT with Stable
Diffusion completed the full scenario only twice, both in cloudy conditions,
and produced the least deterministic results, with large variation between
maximum and minimum completion rates across runs. It also exhibited the
most varied failure types across scenarios, including out-of-road, collisions,
oversteering, and understeering. This may be attributed to the fundamental
difference in approach: while NeRF and 3DGS are novel view synthesis tech-
niques that reconstruct a 3D representation of the scene Stable Diffusion is a
generative model that synthesizes images from learned distributions, where
small variations in the conditioning inputs can produce notably different out-
puts.

Notably, in the snowy condition, Stable Diffusion achieved a lower comple-
tion rate than raw simulation without any neural rendering applied, suggest-
ing that the generated images actively degraded driving performance rather
than improving it.

However with this exception, the use of neural rendering techniques consis-
tently provided a measurable improvement in the SUT’s driving performance
compared to raw synthetic images, confirming their effectiveness in reducing
the sim-to-real gap.

Table 5.9 reports driving quality metrics for successful runs. Since cloudy
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Table 5.8: Task completion results across weather conditions (all runs).

Metric Domain Sunny Cloudy Snowy
Real 0/3 0/3 3/3
3DGS 0/3 0/3 3/3

Fail Rate NeRF 3/3 0/3 3/3
SD 3/3 1/3 3/3
Sim 3/3 3/3 3/3
Real 100 - 100 - 100 100 - 100 - 100 47 - 70 - 34
3DGS 100 - 100 - 100 100 - 100 - 100 70-72-70

Completion Rate (%)

. NeRF 71-72-171 100 - 100 - 100 58 - 58 - 58
avg-max—min

SD 38 -39 - 36 71-100 - 13 16 - 16 - 15

Sim 30 - 36 - 22 21 -23-20 25-34-13

Real — — 0-0-0-3

Fail Type’ 3DGS - - 0-1-0-2

arure - ype NeRF 0-0-3-0 - 0-0-0-3

OR-CC-OS-US SD 0-0-0-3  0-1-0-0 2-1-0-0

Sim 0-1-0-2 2-1-0-0 2-1-0-0

“OR = Out of Road, CC = Car Crash, OS = Oversteer, US = Understeer.

is the only condition where the SUT completed the scenario at least once for
each technique, we only compare the techniques in this condition.

NeRF reported the lowest Fréchet distance (2.13m), with 3DGS closely
behind (2.22m), while SD performed notably worse (3.83m). NeRF also
achieved the best corridor violation rate (63.2%), staying inside the corridor
of the real world trajectoreies for more than 3DGS (67.3%) and SD (70.8%).
However the mean excess distance shows that 3DGS produced the smallest
deviations when outside the corridor (0.330 m), compared to NeRF (0.425m)
and SD (0.544m), indicating that while 3DGS exits the corridor more fre-
quently then NeRF it remains closer to the boundary. The excess when out
metric further confirms this pattern, showing the average distance from the
corridor boundary specifically at the points where the trajectory is outside:
3DGS (0.491m), NeRF (0.673m), and SD (0.767m). It is worth noting that
despite all techniques being outside the corridor for a significant portion of
the trajectory, they still completed the driving scenario successfully. This
suggests that there are more valid driving trajectories than those defined by
the real-world runs alone.

Comparing 3DGS across sunny and cloudy conditions, we observe a clear
degradation in sunny (Fréchet 3.57m vs 2.22m, corridor violation 78.7%
vs 67.3%), which may indicate that the SUT struggles more under sunny
conditions, potentially due to stronger shadows and lighting variations in
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Table 5.9: Drive quality metrics across weather conditions (successful runs
only).

Metric Domain Sunny Cloudy Snowy
Trajectory Similarity
Real - - -
3DGS 3.597 2.22 -
Frechet Dist. (m) NeRF - 2.13 -
SD - 3.83 -
Sim - - .
Real - - _
3DGS 78.7 67.3 -
Corridor Viol. (%) NeRF - 63.2 -
SD - 70.8 -
Sim - - -
Real - - _
3DGS 0.608 0.330 -
Mean Excess (m) NeRF - 0.425 -
SD - 0.544 -
Sim - - -
Real - - -
3DGS 0.769 0.491 -
Excess When Out (m) NeRF - 0.673 -
SD - 0.767 -
Sim - - -
Steering Smoothness
Real 1.127 1.167 -
3DGS 1.666 0.867 -
Avg Jitter (rad/s) NeRF - 0.880 -
SD - 1.780 -
Sim - - -
Real 9.818 6.452 -
3DGS 13.762 4.983 -
Max Jitter (rad/s) NeRF - 5.881 -
SD - 12.751 -
Sim - - -

the reconstructed images.

Regarding steering smoothness, both 3DGS and NeRF produced lower
average jitter than the real-world baseline in cloudy conditions (0.867 and
0.880rad/s respectively, vs 1.167rad/s). SD, exhibited significantly higher
average jitter (1.780rad/s) with a peak of 12.75rad/s, nearly double the
real-world maximum of 6.45rad/s.
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(a) Real-world driving trajectories

(b) 3DGS driving trajectories

(c) NeRF driving trajectories

(d) Stable Diffusion driving trajectories

(e) Raw simulation driving trajectories

Figure 5.10: System-level driving trajectories across weather conditions (left:
sunny, center: cloudy, right: snowy).

116



5.3 — RQ3: System level Behavior

5.3.1 Summary

The system-level results show that the ranking of neural rendering tech-
niques in terms of driving behavior is consistent with the image quality met-
rics results from RQ2: 3DGS best replicates the real-world driving behavior,
followed by NeRF, while Stable Diffusion and raw simulation produce sig-
nificantly worse results. In sunny and cloudy conditions, 3DGS is the only
technique that matches the real-world outcome, completing the route suc-
cessfully in both cases. NeRF completes the route in cloudy but fails in
sunny due to oversteer, while Stable Diffusion fails in sunny and partially
completes the route in cloudy. Raw simulation consistently fails across all
conditions, confirming the severity of the sim-to-real perception gap when no
neural rendering technique is applied. In terms of driving quality, 3DGS and
NeRF produce trajectories that closely follow the real-world baseline, with
Fréchet distances of 2.22m and 2.13m respectively in cloudy, and steering
smoothness comparable to or better than the real-world runs. Stable Dif-
fusion, despite completing some runs, exhibits larger trajectory deviations
(3.83m) and significantly higher steering jitter, indicating less stable driving
behavior.
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Chapter 6

Discussion

In RQ1, we evaluated how accurately our framework reconstructed the driv-
ing scenario in simulation. We first compared the LiDAR-based 3.3.2 and
camera-based 3.3.1 parked-vehicle detection approaches, and the results showed
that the LiDAR-based approach performed better across all evaluated met-
rics (Table 5.1). In particular, it achieved better results in vehicle detection,
positional accuracy, and orientation estimation, with an average positional
error of 0.393 m compared to 1.724 m for the camera-based approach.
These results showed that LiDAR sensing was more effective for parked-
vehicle detection and, consequently, for reconstructing the simulated sce-
narios. We then compared the semantic maps of the generated scenarios
against their real-world counterparts and observed overall good performance
in terms of IoU across object classes reaching a mIoU over classe and scenario
of 0.805(Table 5.2).

In RQ2, we compared the image quality metrics of the images produced
by each generation technique. Through an initial preliminary parameter
selection, followed by a more focused parameter search guided by human
evaluation, we found that the considered metrics were useful for ranking
images when quality differences and artifacts were pronounced, but were
less effective when comparing similar images. Based on both quantitative
metrics and human scores, we selected the best parameter configurations
for SD, NeRF, and 3DGS. Our experiments showed that, for both 3DGS
and NeRF, stronger undersampling led to worse generation quality. For SD,
we inferred that generation quality improved when guess mode was enabled
and the segmentation ControlNets remained active most of the time, as they
provided important scene understanding cues.

Among the evaluated techniques (Table 5.7), 3DGS achieved the best
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overall results in terms of single-image quality, scoring best on MSE, PSNR,
and CPL. For example, it reached MSE values as low as 79.07, PSNR values
up to 29.17, and CPL values down to 3.7616, while NeRF obtained the
highest SSIM values, up to 0.4120. At the distribution level, 3DGS also
performed better than the other techniques across most of the metrics, for
instance achieving FID values as low as 31.18 and KID values down to
0.0085.

We also observed that, according to the vehicle consistency metrics, Stable
Diffusion performed best overall. We attributed this result to the fact that,
despite their higher image quality, NeRF and 3DGS were more difficult to
align with the real-world trajectories due to misalignment errors produced by
COLMAP. As a result, they often produced incorrect perspectives, with ve-
hicles appearing in positions inconsistent with their real-world counterparts.
In contrast, Stable Diffusion, conditioned on synthetic semantic maps, gener-
ated vehicle placements that were more coherent with the real-world scenes.
This trend was reflected, for example, in vehicle precision, where Stable Dif-
fusion reached values up to 0.3753, higher than both 3DGS and NeRF in
the same setting.

Somewhat surprisingly, the temporal consistency metrics also favored Sta-
ble Diffusion in most cases, with the exception of temporal CPL, where 3DGS
performed better. This result was counterintuitive, since Stable Diffusion fre-
quently introduced visually noticeable inconsistencies across frames, such as
vehicles changing color or shape over time. This suggested that these metrics
were more sensitive to low-level pixel changes than to perceptually meaning-
ful temporal coherence. Indeed, by visually inspecting consecutive frames,
we inferred that 3DGS and NeRF were penalized by small pixel-level color
variations caused by motion, even though they appeared more temporally
coherent overall. For instance, Stable Diffusion achieved temporal SSIM val-
ues up to 0.9643 and temporal PSNR up to 33.48, despite its evident visual
inconsistencies.

The main conclusion from this research question was therefore that 3DGS
produced the highest visual quality images, followed by NeRF, with Stable
Diffusion ranking last in this respect. However, Stable Diffusion generated
images that were more semantically consistent with the environment than
our implementations of the neural rendering techniques, while the temporal
metrics considered in this work did not appear suitable for assessing true
frame-to-frame coherence.

In RQ3, we used the real-world behavior of our SUT as a baseline to mea-
sure the sim-to-real gap in terms of driving behavior, rather than relying
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only on image quality metrics. We first confirmed the existence of a real-
ity gap by testing the model in simulation using only raw synthetic images,
under which the SUT never reached the end of the scenario in all the three
tested weather conditions. We then evaluated the SUT behavior using im-
ages generated by the different techniques and found that 3DGS produced
behavior that most closely matched the real-world baseline. We also observed
one case in which the SUT slightly outperformed its real-world counterpart
when driven using 3DGS-rendered images, highlighting another limitation of
simulation-based testing: the possibility of generating overconfident results.
In terms of completion rate, Stable Diffusion performed worst, with the SUT
able to complete only two runs when provided with images generated by this
technique (Table 5.8).

Looking at the driving quality metrics (Table 5.9), 3DGS was the only
technique that produced successful runs across multiple weather conditions,
completing scenarios in both sunny and cloudy settings, whereas NeRF and
Stable Diffusion only completed runs under cloudy conditions. No tech-
nique succeeded in snowy scenarios. Under cloudy conditions, where all
three techniques could be compared directly, NeRF and 3DGS produced tra-
jectories closest to the real-world baseline, with Fréchet distances of 2.13 m
and 2.22 m, respectively, while Stable Diffusion deviated more substantially,
reaching 3.83 m. A similar pattern emerged for corridor violations and mean
excess deviation, where 3DGS and NeRF consistently outperformed Stable
Diffusion. Interestingly, both 3DGS and NeRF produced smoother steering
profiles than the real-world baseline, with average jitter values of 0.867 rad/s
and 0.880 rad/s, compared to 1.167 rad/s in reality, whereas Stable Diffu-
sion showed significantly more jittery behavior at 1.780 rad/s. This suggested
that the images generated by neural rendering techniques may have lacked
some of the visual complexity present in real-world scenes, resulting in overly
smooth driving behavior and potentially overconfident simulation outcomes.

Overall, we observed a sim-to-real gap when comparing the results ob-
tained in simulation with those measured in the real world. At the same
time, the ranking suggested by the image quality metrics was broadly con-
sistent with the behavioral results from RQ3 (Tables 5.8 and 5.9)Specifically,
3DGS, which achieved the best overall image quality, was also the technique
under which the SUT exhibited driving behavior most similar to that ob-
served in the real world. Likewise, NeRF, which scored higher than Stable
Diffusion in terms of image quality, also led to SUT behavior that more faith-
fully reproduced the real-world baseline. This suggested that image quality
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metrics, while not sufficient on their own, could still serve as a meaning-
ful proxy for predicting how well a rendering technique supported realistic
system-level behavior in simulation-based testing.

Other aspects worth discussing were training time and inference perfor-
mance. Among the evaluated techniques, 3DGS again provided the best
overall results. On our sunny scenario, comprising 3,895 frames, training
each model split with 3DGS required a total of 45 minutes. In contrast,
training NeRF on the same scenariorequired almost three hours, while fine-
tuning Stable Diffusion together with its ControlNets required a total of five
hours

A similar trend was observed at inference time. 3DGS achieved by far
the best performance, reaching a generation speed of nearly 100 FPS. In
comparison, both NeRF and Stable Diffusion required approximately two
seconds per frame. These results further highlighted the practical advantage
of 3DGS, which not only produced the best visual quality overall, but also
offered substantially lower training and inference costs.

Despite its weaker performance in terms of visual quality and behavioral
fidelity, Stable Diffusion could still be useful for ADS testing because it of-
fered a level of flexibility that NeRF and 3DGS did not natively provide.
In particular, diffusion-based methods made it easier to generate alternative
scene configurations and to modify relevant elements of the environment, for
example by adding, removing, or repositioning vehicles. By contrast, NeRF
and 3DGS were fundamentally tied to the geometry and appearance of the
recorded scene and were therefore better suited for faithful reconstruction
than for controlled scenario modification. For this reason, Stable Diffusion
remained a promising option when the goal was not only to reproduce a
real-world scenario as accurately as possible, but also to create diverse test
conditions for probing the robustness of the system under test.

6.1 Threats to validity

Driving model limitations. In this study, we limited the driving model
to predicting steering commands only, while throttle and braking were con-
trolled by a human driver. Although allowing the model to control both
steering and speed would have enabled a more complete analysis of driving
behavior, this choice was made to ensure safety during real-world testing. To
obtain consistent and trustworthy results in simulation, we fixed the vehicle
speed at 10 km /h, which was close to the mean speed observed in the training
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dataset.

Dynamic actors. We evaluated an interesting driving scenario charac-
terized by the absence of parking lanes and by a wide variety of parked vehicle
positions, including vehicles parked partially over drivable lanes. However,
we considered only scenarios without dynamic actors. Including moving vehi-
cles, pedestrians, or other road users would have required substantially more
training and testing before the self-driving model could be safely deployed in
real-world conditions.

Driving scenario. We conducted our evaluation on a single driving sce-
nario. Although this limits the generalizability of the results, the choice
was made because collecting data and training all the neural rendering tech-
niques on additional scenarios would have required significantly more time
and effort. Moreover, testing the SUT on a new scenario would have required
additional data collection for both training and evaluation, and would likely
have demanded many more weeks of experimentation, since just for collecting
training and testing data on a single scenario demanded days of experimenta-
tion in different seasons. To mitigate the effects of this limitation, we varied
the testing conditions collecting our testing dataset in different days, with
different parked cars configurations and in different weather conditions.

Single driving model. The behavioral findings are dependent on the
specific NVIDIA PilotNet-based driving model used in this study and may
differ when considering other models. Nevertheless, since our results are
evaluated relative to a real-world reference behavior, the findings regarding
sim-to-real gap mitigation are expected to remain valid.

6.2 Future work

A direction that should be explored in future work is the adoption of hybrid
approaches combining Stable Diffusion and 3DGS to modify the generated
scenario and make the framework more suitable for ADS testing and failure
identification. As discussed in this thesis, 3DGS alone does not support the
addition, removal, or repositioning of vehicles within the scene. Stable Diffu-
sion, or other generative techniques, could help address this limitation, either
by modifying the training set used for Gaussian Splatting or by applying ed-
its directly at inference time. This would also make it possible to introduce
dynamic actors into the scenario, which would be necessary for testing ADS
in more realistic and failure-prone conditions.

It would also be interesting to investigate dedicated editing techniques for
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3DGS and NeRF reconstructions, such as Instruct-GS2GS [112] and Instruct-
NeRF2NeRF [113]. These methods could make it possible to artificially vary
weather conditions and other scene properties in the generated environment,
enabling the driving model to be tested under different environmental con-
ditions.
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Chapter 7

Conclusion

Autonomous driving systems combine hardware and software components
that enable a vehicle to perceive its environment and make driving decisions
without human intervention [1]. Because these systems operate in safety-
critical environments, failures can lead to severe real-world consequences,
highlighting the need for rigorous validation before deployment [26, 32, 33,
34]. Real-world testing provides the most reliable evaluation since the system
operates directly within its deployment domain [26]. However, it is costly,
difficult to reproduce, and potentially unsafe due to environmental variability
such as weather, traffic conditions, and lighting [26].

Alternative testing methodologies have therefore been explored. Model-
level testing using prerecorded driving datasets enables reproducible eval-
uation with realistic sensor recordings [35, 37, 40, 38, 39], but it cannot
capture the closed-loop interaction between the driving system and its envi-
ronment because predicted actions do not influence future observations [35].
Simulation-based testing instead allows closed-loop evaluation in control-
lable and repeatable virtual environments, and modern simulators such as
CARLA, SVL Simulator, and AirSim provide realistic physics and sensor
simulation widely used in autonomous driving research [55, 48, 49, 51]. How-
ever, simulated environments inevitably differ from the real world in visual
appearance, physical modeling, and environmental dynamics, leading to the
sim-to-real gap, where systems that perform well in simulation may behave
differently in real conditions [45, 25]. A key component of this discrepancy
is the perception gap caused by differences between synthetic and real sen-
sor observations [46]. Because many autonomous driving systems rely on
learning-based perception models, even small shifts in the input distribution
can significantly affect system behavior [53].
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To mitigate this problem, recent research has explored the use of gener-
ative models and neural rendering techniques capable of transforming sim-
ulated observations into more realistic ones [65, 80]. These approaches aim
to reduce the visual discrepancy between simulated and real environments
so that perception systems operate under conditions closer to those encoun-
tered during real-world deployment [80]. However, most prior studies evalu-
ate these techniques primarily using image similarity metrics such as SSIM or
FID [96, 98], while recent work suggests that improvements in visual metrics
do not necessarily translate into improved driving behavior [94]. Further-
more, existing approaches are often evaluated on static datasets rather than
within dynamic simulation environments where the system interacts with the
environment in a closed loop [75, 77, 79, 81].

To address these limitations, this thesis proposed a framework that recon-
structs real-world driving scenarios inside a simulator and integrates neural
rendering techniques to generate realistic visual inputs for simulation-based
testing. The framework enables a direct comparison of different techniques
not only in terms of image quality but also with respect to the system-level
behavior of an autonomous driving model.

To achieve this goal, we first trained an end-to-end camera-based driving
model based on the NVIDIA PilotNet architecture [21] using real-world driv-
ing recordings collected with a full-size vehicle. The trained model was then
deployed on the same vehicle and evaluated on a public urban road, produc-
ing a real-world baseline for comparison. Starting from these recordings, the
proposed framework reconstructs the corresponding driving scenario inside
the CARLA simulator [48]. The pipeline extracts sensor data from ROS
recordings [87], including camera frames, LiDAR point clouds, and vehicle
trajectory information, and processes them to reconstruct the scenario ge-
ometry and environmental configuration.

A key step in this process is the detection and localization of parked vehi-
cles present in the recorded scenario. To achieve this, the framework supports
both camera-based and LiDAR-based detection pipelines, relying on deep
learning techniques such as FCOS3D [83] for monocular 3D detection and
PointPillars [86] for point-cloud-based object detection. The reconstructed
road topology is obtained from OpenStreetMap data [44] and converted into
the OpenDRIVE format [61], allowing the scenario to be recreated in the
simulator with the same trajectory and vehicle configuration observed in the
real-world recordings.

Once the scenario is reconstructed, neural rendering models are trained
using the real-world data extracted from the recordings. The framework
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supports three different approaches: diffusion-based image generation using
Stable Diffusion with ControlNet [62, 71], neural radiance fields for novel view
synthesis [59], and 3D Gaussian Splatting for real-time neural rendering [60].
These models are trained using real camera images together with their esti-
mated camera poses obtained through structure-from-motion methods such
as COLMAP [74]. During simulation, the trained models generate images
corresponding to the current vehicle viewpoint, replacing or transforming the
raw synthetic images produced by the simulator.

The evaluation of the framework was guided by three research questions.
The first investigated the fidelity of the reconstructed scenarios, focusing
on the accuracy of parked vehicle detection and the overall consistency be-
tween the reconstructed environment and the real-world recordings. The
results showed that the LIDAR-based detection pipeline significantly outper-
formed the camera-based approach, reducing the average localization error
from 1.724 m to 0.393 m, while the reconstructed environments also showed
strong semantic consistency with the real-world scenes.

The second research question analyzed the visual quality of the generated
images produced by the neural rendering techniques. The results showed
that 3D Gaussian Splatting produced the best overall reconstruction quality,
while NeRF achieved strong structural similarity and Stable Diffusion pro-
vided higher temporal stability and object consistency, highlighting different
strengths among the evaluated techniques.

The third research question evaluated the impact of the proposed tech-
niques on the system-level behavior of the driving model. The experiments
confirmed the presence of a sim-to-real gap when the driving model operated
directly on raw synthetic simulation images, as the system failed to complete
the scenario under any evaluated weather condition.

Under sunny conditions, the real-world baseline completed the scenario
in all three runs. In contrast, raw simulation failed in all runs, reaching
an average completion rate of 30%. When neural rendering techniques were
applied, 3D Gaussian Splatting (3DGS) matched the real-world outcome by
completing all runs. NeRF and Stable Diffusion both failed in all runs but
improved the completion progress compared to raw simulation, reaching 71%
and 38% average completion rates, respectively.

Under cloudy conditions, the real-world baseline again completed all runs,
while raw simulation failed in all runs with only 21% average completion.
With neural rendering, 3DGS and NeRF completed all runs, matching the
real-world outcome, while Stable Diffusion completed two out of three runs.
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In this condition, NeRF and 3DGS produced trajectories closest to the real-
world baseline, with Fréchet distances of 2.13 m and 2.22 m, respectively,
compared to 3.83 m for Stable Diffusion. Driving smoothness showed a sim-
ilar trend, with 3DGS and NeRF achieving steering jitter values of 0.867
rad/s and 0.880 rad/s, compared to 1.780 rad/s for Stable Diffusion and
1.167 rad/s in the real-world baseline.

Under snowy conditions, the real-world baseline failed in all runs after
an average completion of 47%. Raw simulation also failed in all runs but
significantly earlier (25% completion), indicating a different failure behavior.
When neural rendering techniques were applied, 3DGS also failed in all runs
but reached a higher average completion rate of 70%, with failures occurring
near the real-world location in two runs. In one run, however, the vehicle
progressed further before failing, suggesting that the model may exhibit over-
confidence, continuing beyond the point where the real-world system failed.
NeRF and Stable Diffusion failed earlier, reaching 58% and 16% average
completion, respectively.

Overall, 3D Gaussian Splatting most closely reproduces the real-world
driving behavior, matching success outcomes in favorable conditions and pro-
ducing the most realistic failure patterns in challenging ones. NeRF provides
partial improvements, while Stable Diffusion produces the least consistent
system-level behavior.

From a practical perspective, the experiments also highlighted important
trade-offs between realism and computational efficiency. Training the models
on the evaluated scenario required approximately 45 minutes for 3D Gaus-
sian Splatting, compared to nearly 3 hours for NeRF and about 5 hours for
Stable Diffusion. During inference, 3DGS achieved rendering speeds close to
100 FPS, whereas both NeRF and Stable Diffusion required approximately
two seconds to generate a single frame. This makes 3D Gaussian Splatting
particularly suitable for integration into large-scale simulation pipelines for
autonomous driving testing [60].

Overall, this thesis demonstrated that real-world driving data can be
transformed into executable simulation scenarios and used to analyze the
sim-to-real gap in a closed-loop testing environment. By combining real-
world recordings, scenario reconstruction, neural rendering, and behavioral
evaluation, the proposed framework enables a more realistic and behavior-
oriented comparison of neural rendering techniques. In this sense, the pre-
sented approach represents a step toward safer, more reliable, and more re-
alistic validation methodologies for autonomous driving systems.
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