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Abstract

Autonomous driving systems rely absolutely on lane detection. Therefore, ensuring its reliability

is crucial for road safety. This work proposes validating one of the leading lane detection models

in the CULane benchmark with an alternative synthetic dataset, with full automated ground truth

labeling, from Epic Games’ Unreal Engine 5—a dynamically enriched, photorealistic simulation

environment. By providing a range of diverse and challenging conditions (circadian, climatic,

and road types), we aim to analyze the algorithm’s robustness and, in parallel, collect reference

indicators of the domain gap versus real-world datasets. Results reinforce the role of synthetic

data in expanding test coverage and minimizing the imbalance of training datasets for safety-

critical applications.
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Chapter 1

Introduction

Recent advances in self-driving vehicles and driver assistance systems have far-reaching im-

plications for the future of road transportation. While cities are opening up to a broader un-

derstanding of mobility, welcoming cyclists and pedestrians into a friendlier, more vibrant, and

more familiar scenario, the growing concern for the quality of life in urban environments comes

against an age-old problem: traffic accidents and injuries are still an archaic scar in the mod-

ern world. Thus, it is vital not only to further the development of self-driving vehicles but also

to weigh their impact on multiple heterogeneous agents, whether traditional or professional

drivers, cyclists, or pedestrians. Technological progress increases expectations and should

yield risk-free outcomes or at least surpass human competency levels.

The development of autonomous driving systems goes hand in hand with efforts to reduce

the number of fatalities and serious injuries from traffic accidents, which is seen in programs

such as Vision Zero [European Commission, 2020]. The main principle of this safety initia-

tive, launched in Sweden in 1997, is that mobility should never come at the cost of human

life. Since then, thanks to various national, regional, and local initiatives, the number of deaths

on European roads has halved. European organizations have set out to achieve this ambi-

tious goal of zero traffic deaths by 2050 with a regulatory plan for automated and connected

mobility. To support a safe evolution towards higher levels of automated driving, the EU has

adopted specifications for cooperative intelligent transport systems (including vehicle-to-vehicle

and vehicle-to-infrastructure communication) as well as a code of conduct with requirements

and procedures focusing on mixed traffic, interaction with other road users, transition of control,

and degradation.

Despite numerous projects that have emerged in the automotive sector in recent years,

there are still significant legal and technical challenges in implementing autonomous driving on

a larger scale. Numerous studies have shown that Original Equipment Manufacturers (OEMs)

need to cover billions of kilometers to validate the reliability and robustness of their systems

[Hauer, Schmidt, Holzmüller, & Pretschner, 2019]. One of the biggest challenges in the tran-

sition to full autonomous driving is, therefore, certifying this safety premise, given the virtually

unlimited range of driving scenarios that can occur in the real world.
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1.1 Context

EU Regulation 2019/2144 establishes Emergency Lane Keeping Systems (ELKS) mandatory

for vehicle homologation and applicable for any new vehicles starting in July 2024 [European

Union, 2019]. The requirements outlined in this new regulation define ELKS as a combination

of two distinct systems: a Lane Departure Warning (LDW), which alerts the driver if the vehicle

deviates from its lane or steers off-road, and a Corrective Directional Control Function (CDCF),

which automatically modifies its trajectory to correct an unintentional lane departure [InterRegs

Limited, 2021].

Also known as the EU General Safety Regulation II (GSR), this document intends to set

minimum standards for the safety of motor vehicles (see Figure 1.1). It is a historic ruling, now

legally binding all manufacturers to the strategic leap that the front-runners of the automotive

industry have already initiated in recent decades. Its main objective is to promote the universal

adoption of life-saving technologies protecting vehicle occupants, pedestrians, and cyclists and

mitigating human error. It aims for greater safety and comfort for drivers and can reduce fa-

talities by addressing one of its principal scenarios: involuntary lane departures. Studies from

Jermakian [2011] and Sternlund [2016] have confirmed that, though not a primary cause, lane

departure collisions have the highest fatality rate of all accidents.

As described by Continental Automotive [2021], other automated driving functions are also

mandatory for all new vehicles, including, for example, Emergency Stop Signal (ESS), Intelli-

gent Speed Assistance (ISA), Pedestrian Collision Warning (PCW), or Blind Spot Information

System (BLIS).

Figure 1.1 Required vehicle safety features in GSR II [TÜV SÜD, 2022].
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Overall, GSR II drastically changes how automakers develop, test, produce, and deploy

vehicles on the road. The entire landscape of manufacturers and suppliers will inevitably face

new challenges and complexity, particularly in software development, sensor technology, and

verification and validation.

1.2 Problem

The automotive industry typically sets requirements that imply formal proof of robustness and

dependability in safety-critical applications. First, to guarantee that the system continues to op-

erate effectively despite erratic traffic patterns, unforeseen road designs, unfavorable weather

conditions, and several other demanding use-case scenarios. Second, to ensure that it does

not degrade its performance over time yet upholds a threshold of confidence throughout its life

cycle.

Regarding ELKS, the efficacy of the underlying lane detection functionality is pivotal. As

part of the perception stack of Advanced Driver Assistance Systems (ADAS), lane detection

is essential for guaranteeing that its environmental model correctly registers the traffic layout

of the road along with its surrounding geometry and dynamic elements. The goal is to pre-

cisely extract the driving lane boundaries and track these markings continuously in real-time. It

supports the segmentation of the appropriate navigation path and, thus, factors into trajectory

planning and motion control in autonomous vehicles.

As noted by Zakaria et al. [2023], lane detection methods have mainly employed deep

learning models in recent years, either in standalone end-to-end architectures or with classi-

cal computer vision approaches supported by geometric modeling in conventional pipelines.

Even though classic methods provide pixel-preciseness, transparency, and predictability (non-

stochastic training), they may be too exhaustive or sluggish for real-time applications and often

rely on complex heuristics or handcrafted configurations that struggle to adapt to eventful sce-

narios or unexpected road layouts. In contrast, results have overwhelmingly shown the high

generalization capabilities of convolutional neural networks and encoder-decoder structures.

However, adding deep learning techniques imposes a new challenge: safeguarding the sys-

tem’s performance if the underlying components possess inherently opaque, emergent char-

acteristics. Borg et al. [2018] defend that OEMs should necessarily augment requirements

specifications and software testing procedures in response to the increasing dependency on

neural networks. One common strategy has been to expand testing from exclusive on-road into

simulation environments, matching this growth of formal verification scenarios and the corre-

sponding coverage needed. Stress or endurance testing and exhaustive KPI evaluation now

acquire paramount importance.

In conclusion, the growing complexity of autonomous driving functions with the widespread

adoption of deep learning models has significantly increased the demand for rigorous testing

and validation. Lane detection as a fundamental component of autonomous driving systems

requires meticulous evaluation to ensure reliability and safety in real-world traffic.

3



1.3 State-of-the-Art

Autonomous driving systems heavily rely on perception modules to accurately interpret the

vehicle’s surroundings through sensor data. A critical perception task is the aforementioned

lane detection, which involves identifying road markings to facilitate longitudinal and lateral

control. To ensure functional safety across diverse driving conditions, rigorous validation is

paramount.

Despite the inherent challenges, the industry has made significant strides in developing

Level 2 and Level 2+ systems, with a gradual progression towards Level 3 automation (see

Figure 1.2). These advancements are driven by the need for premium features and customer

confidence in partially automated functions. Traditionally, validation has primarily relied on

real-world data collected from vehicles equipped with sensors in various traffic scenarios. To

complement real-world data and accelerate development, the automotive industry is exploring

virtual environments and synthetic data generation techniques.

Figure 1.2 SAE J3016 standards for automated driving systems [SAE International, 2021].

1.3.1 Real-World Data

These validation efforts have yielded numerous proprietary and publicly accessible datasets.

The latter, often prevalent through widespread scientific adoption, provide high-quality data,

accurate ground truth labels, and standardized validation metrics. As such, they serve as a

reference point for researchers to measure progress against other state-of-the-art methods

and for the industry to assess the performance of proprietary or production algorithms (see

Table 1.1).

CULane [Pan et al., 2018], TuSimple [TuSimple, 2017], LLAMAS [Behrendt & Soussan,
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Popularity Dataset Best Model

1 CULane CLRerNet-DLA34

2 TuSimple SCNN UNet Attention PL*

3 CurveLanes CondLSTR (ResNet-101)

4 LLAMAS CLRNet (DLA-34)

5 BDD100K val YOLOPv2

6 nuScenes DSLP

7 OpenLane CondLSTR (ResNet-18)

8 Caltech Lanes Washington VPGNet

9 Caltech Lanes Cordova VPGNet

10 DET LDNet

Table 1.1 Lane detection benchmarks and optimal models in PapersWithCode [2024].

2019], BDD100K [Yu et al., 2020], and CurveLanes [Xu et al., 2020] are some of the prominent

benchmarks in lane detection research. These datasets, which originate from extensive real-

world driving data captured by camera-equipped vehicles, cover a variety of traffic situations,

geographical regions, meteorological variables, and lighting settings. Ground truth annotations

typically consist of pixel-wise markers for lane-fitting polynomial lines and, in some cases, lane-

type information (solid, dashed, or double).

1.3.2 Virtual Environments

To complement real-world data and accelerate development, the automotive industry has long

been exploring virtual environments and synthetic data generation techniques. These methods

present a chance to generate extensive, heterogeneous datasets and facilitate thorough testing

and validation of autonomous driving systems. They have become indispensable in recent

years because of the ever-increasing miles required to meet testing standards, equipment or

driver costs, and the inherent risks associated with deploying prototype systems onto actual

roads. Following the latest surveys [Y. Li et al., 2024; Tang et al., 2023] and market research

[Mordor Intelligence, 2024], these are some of the most comprehensive and reputable solutions

in the market:

• IPG CarMaker (see Figure 1.3) is a highly reputable simulation tool in the automotive

industry for validating autonomous driving functions, vehicle dynamics, powertrain, and

control systems [IPG Automotive, 2024b]. It often serves as a core simulation platform

for X-in-the-Loop setups. Its most distinctive features are the accurate production-level

vehicle models and the integration of signal visualization, environment modeling, and

testing management tools. It also enables loading 3D models from external real-world

maps for road layout and traffic topology.

5



Figure 1.3 IPG CarMaker [IPG Automotive, 2024b].

• dSPACE AURELION (see Figure 1.4) is a robust simulation environment for develop-

ing and validating autonomous driving systems [dSPACE, 2024]. With ray tracing sup-

port, it excels at realistic sensor simulation, especially for radar and lidar, and produces

high-fidelity data under a variety of driving circumstances, allowing for rigorous testing of

perception algorithms. When combined with other dSPACE tools, AURELION creates a

complete development ecosystem that may be used, for example, to set up virtual sce-

narios with procedural generation or reconstruct real-world data. While not as extensively

focused on vehicle dynamics as IPG CarMaker, its emphasis is on sensor simulation. Like

other platforms, it has Unreal Engine as its rendering source [Unreal Engine, 2024].

Figure 1.4 dSPACE AURELION [Unreal Engine, 2024].
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• NVIDIA DRIVE Sim (see Figure 1.5) is an end-to-end simulation platform for testing au-

tonomous driving systems [NVIDIA, 2024]. Also based on Unreal Engine, it offers a highly

realistic range of driving scenarios, from urban streets to complex rural roads. As part of

the NVIDIA Omniverse platform, it is highly scalable, allowing it to simulate large-scale

testing series. NVIDIA also includes physical sensor modeling to properly replicate signal

complexity obtained with real sensors (radar, lidar, cameras, and GPS). It has recreated

actual locations with high levels of detail and realism.

Figure 1.5 NVIDIA DRIVE Sim [NVIDIA, 2020].

• CARLA (see Figure 1.6) is an open-source simulator built upon Unreal Engine. Unlike

CarMaker, AURELION, and NVIDIA DRIVE Sim, CARLA grants finer control over the sim-

ulation environment through its C++/Blueprint source, enabling advanced customization

and modeling. On the other hand, it also offers an intuitive Python client interface for

easier access to advanced driving behaviors in realistic scenarios. In contrast to other

commercial solutions, CARLA fosters an open-source community for collaborative devel-

opment and knowledge sharing. Despite its limitations in terms of vehicle dynamics and

signal fidelity, it incorporates a comprehensive sensor suite with configurable parame-

ters and ground truth data for accurate perception algorithm development. The platform’s

preset virtual urban environments, populated with dynamic pedestrians and vehicles, es-

tablish an acceptable level of complexity [CARLA, 2024].
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Figure 1.6 CARLA [CARLA, 2024].

• VI-WorldSim (see Figure 1.7) is a proprietary simulation tool that introduces advanced

traffic models and sensor fusion algorithms. Based on Unreal Engine for highly realistic

virtual environments, it is tailored for specific use cases, such as Vehicle-to-Vehicle (V2V)

and Vehicle-to-Everything (V2X) communication [VI-GRADE, 2024].

Figure 1.7 VI-WorldSim [VI-GRADE, 2024].

• AVSimulation SCANeR (see Figure 1.8) stands as a flexible simulation platform that inte-

grates a set of complete and editable models for roads, vehicle dynamics, traffic, sensors,

and 3D assets, from generic ideal modeling to high-level physics-based models. Simi-

lar to AURELION, SCANeR prioritizes high-fidelity sensors to generate realistic synthetic

data and relies on Unreal Engine for visual rendering [AVSimulation, 2024].
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Figure 1.8 AVSimulation SCANeR [AVSimulation, 2024].

1.3.3 Synthetic Techniques

Regarding synthetic techniques, many works have used the open-source simulator CARLA

[CARLA, 2024] for data generation. Tran and Le [2019] trained and validated a U-Net seg-

mentation network for extracting lane marking features with a dataset of 4000 images from the

simulator. Simulanes is a CARLA-based dataset generator that supports a domain adaptation

technique with adversarial generative and feature discriminators (see Figure 1.9). The goal is

to train the learning model on a synthetic domain with simulation-based labeled scenes and

predict lanes on a given real-data domain [C. Hu et al., 2022]. CarlaScenes is a benchmark

dataset specifically designed to analyze the performance of odometry models on a collection

of specific test cases with camera and LIDAR-labeled data [Kloukiniotis et al., 2022].

More recent examples of synthetic data generation already incorporate the 5th version of

Unreal Engine. Damian et al. [2023] trained object recognition algorithms with data from the

platform. Accurate 3D replicas of real-world objects are scanned using photogrammetry, im-

ported into various simulation scenarios, and compiled as a training set for YOLOv8 to increase

robustness. Y. Hu, Datta, Beerel, and Beerel [2023] developed a synthetic dataset using UE5

to evaluate the impact of camera shutter types on object detection’s accuracy, specifically for

low-speed traffic participants (pedestrians).

Garnett et al. [2020] trained lane detection models with a reduced part of the TuSimple

and LLAMAS datasets (10%)—the remainder consisted of synthetically generated data from

3D modeling (Blender), with parameterized variability in road and lane topology, topography,

and curvature (see Figure 1.10). Nie et al. [2022] generated artificially foggy scenes with an

atmospheric scattering model and applied them as a data augmentation method to the CULane

dataset, improving lane detection on both fog and open sky images (see Figure 1.11).
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Figure 1.9 Synthetic images from Simulanes [C. Hu et al., 2022].

Figure 1.10 Synthetic images from Garnett et al. [2020].

Figure 1.11 Synthetic fog samples from Nie et al. [2022].

1.4 Objectives & Scope

The goal of this project is to contribute to the development of a visual perception validation

framework. Specifically, this framework shall support the performance evaluation of a defined

range of autonomous driving functions. Given its importance as a fundamental component

of environment modeling in ADAS, lane markings’ detection is the function under test within

the scope of this work. A synthetic dataset with fully automated ground truth labeling for lane

markings is subsequently its main result. The relevant performance results of the selected

algorithms form the secondary outcome. The lane detection algorithm selected as System-

under-Test (SuT) is:

• Cross Layer Refinement Network for Lane Detection (CLRNet)—an open-source model

with the highest and third-highest performance as of 2024 on LLAMAS and CULane

datasets, respectively (see Table 1.1).
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The environment chosen as the source for generating synthetic data is Unreal Engine 5

(UE5)—a dynamically enhanced, photorealistic simulation engine. The choice of this engine

stems from its prominent position in most modern driving simulation platforms, as previously

showcased. The planned tasks for the environment require the implementation of a camera

sensor for the ego-vehicle, procedural control over road users, accurate ground truth labeling,

and real-time recording of synthetic image data. In parallel, the validation process includes

the definition of traditional performance metrics (precision, recall, and F1 score). Based on

the results obtained, we can evaluate the performance of CLRNet, especially in unfavorable

weather and lighting conditions (fog, glare, and night).

Finally, this thesis analyzes the domain gap between synthetic and real data by examining

the algorithms’ performance in our synthetic dataset versus its performance in CULane, one

of the most referenced dataset benchmarks in the literature [Pan et al., 2018]. To this end, we

implement a synthetic discriminator based on a Convolutional Neural Network (CNN) architec-

ture to obtain reference indicators for the verisimilitude and similarity of the synthetic dataset

towards real driving data. In parallel, we investigate relevant measures for domain adaptation

as further improvements and future directions.

1.5 Document Overview

This work contains four chapters. The introduction describes the current context in the automo-

tive industry and highlights the key motivations and challenges for the progress of autonomous

driving. It also examines related work, namely some of the most prominent projects that have

generated synthetic data for testing and validation purposes.

The 2nd Chapter explains the underlying methodology. This includes an overview of the

concepts, requirements, and practices in ADAS development, with a particular focus on testing

automated driving functions. This will include an examination of lane detection functions to

illustrate the specifics of the validation process. In parallel, we will analyze the advantages and

disadvantages of generating and integrating synthetic data as part of an improved strategy to

achieve extended test coverage.

The 3rd Chapter explains the implementation tasks in connection with the selected simu-

lation environment, the pipeline set up for the generation of synthetic data, and the prepared

test case variants.

The 4th Chapter elaborates on the model proposed as SuT, describes the metrics, and

analyzes the results, in particular the variance between the different test case scenarios. It

addresses the discrepancy between the simulation and the real domain by comparing the per-

formance of CLRNet on synthetic data with its original results on real data. Finally, it presents

relevant measures to identify this discrepancy using a synthetic discriminator and to reduce the

domain gap.

11



12



Chapter 2

Methodology

2.1 Verification & Validation

To be certain that an autonomous vehicle operates safely in an unpredictable traffic environ-

ment, the automotive industry has a thorough Verification and Validation (V&V) methodology.

As described by Wishart et al. [2021]:

• Verification ensures the system is constructed correctly, adhering to rules and specifica-

tions from traffic and transportation entities, automakers, suppliers, and customers.

1. Requirements—Ensuring clarity, completeness, and consistency.

2. Design—Confirming the architecture meets requirements.

3. Code—Ensuring the code implements the architecture.

4. Process—Checking compliance with standards.

• Validation guarantees the system delivers its intended functionality and meets safety

standards. Relies mostly on scenario-based testing on proving grounds, real-world con-

ditions, and simulation to collect exhaustive indicators on the system’s response.

1. System—Verifying the system meets customer specifications.

2. Performance—Evaluating performance under various conditions.

3. Durability—Assessing resistance to environmental/operational stress.

4. Safety—Confirming compliance with safety standards.

This organized approach is necessary to ensure robustness and reliability as automated

driving systems become more complex and regulations increase their requirements. Briefly,

V&V is a key method that formalizes a set of activities to assert the quality of a product during

its lifecycle. In this work, it constitutes the conceptual backdrop in which all testing procedures

for an autonomous driving system shall fit.

While V&V provides the overarching concept, ASPICE offers the standard framework for

implementing V&V processes within the automotive industry. Essentially, ASPICE (Automotive
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Software Process Improvement and Capability Determination) provides a roadmap for compa-

nies to implement their V&V processes and ensure that software products meet the required

quality standards and customer expectations [Visure Solutions, 2024]. One of the most impor-

tant guidelines of ASPICE is the V-model (see Figure 2.1). It dictates constant evaluation to

ensure continuous improvement—by setting a testing phase for each development stage of the

project. Developers benefit from being able to eliminate potential problems in the early stages,

while customers benefit from a thorough scrutiny of the development process.

Figure 2.1 V-model in ASPICE [Built In, 2024].

This work proposes to integrate synthetic data generation into what is referred to as the

system testing phase of the V-model, specifically for algorithmic testing. By establishing a

virtual environment capable of producing realistic camera images, it provides a data source

that can be injected into the lane detection algorithm. Since the iterative nature of the V-model

validation phase demands continuous testing at all stages and for every specific component, the

role of a high-volume and readily available data pipeline stands as quite crucial for performance

maturity.

2.1.1 Scenario-Based & Endurance Testing

Validation, as mentioned previously, primarily utilizes scenario-based testing, conducted either

in test tracks, public roads, or virtual environments. According to Hauer et al. [2019], the

scenario-based testing methodology implies that, before deployment, one must validate the

system on all reasonably expected traffic scenarios. Test engineers design and implement
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target challenges, also known as test cases, having the system requirements as the reference.

The resulting spatial state, to which the automated driving system must confirm compliance,

represents the entire testing coverage. These states then fit into broad categories of common,

generic traffic maneuvers, such as ”overtaking maneuver” and ”emergency braking,” among

others.

In terms of scale, these categories branch out to a multitude of particular scenario varia-

tions by altering a road feature (curvature, lane type, markings), maneuver parameter (speed,

acceleration, start offset), traffic element (pedestrian, vehicle, or road object), or any other test-

ing element. To ensure that the system operates as intended for all edge situations and crucial

maneuvers, scenario-based testing may then naturally encompass hundreds, thousands, or

tens of thousands of test cases. The goal of this method is to track, as profusely and ex-

haustively as possible, the system’s decision-making in high-risk or high-relevance scenarios

that serve as demonstrations of automated driving in complex, everyday traffic. The functional

safety of the system derives subsequently from each result, and the complete testing space

state indicates the system’s systemic proficiency.

On the one hand, the advantages of scenario-based testing compared to traditional test

drives are remarkable since it allows to respond to each system requirement with an unambigu-

ous formal verdict. In parallel, it also permits the objective and efficient estimation/coordination

of the global validation efforts. However, this methodology constitutes only one facet of a com-

prehensive validation strategy and is not without limitations. Primarily, the lack of a final criterion

for test coverage. Hauer et al. [2019] explain that if any new system requirement is brought into

the equation, it will add numerous test specifications and new variation branches. Simultane-

ously, it does not provide any guarantee that, in absolute terms, all truly relevant test cases are

known and established. As with any sampling strategy, implicit discretization of test cases can

lack granularity and extension.

Following Hakuli and Krug [2014], the traditional approach—endurance testing—is to sub-

ject the system to an extended real-world drive in an open variety of conditions, accumulating

enough kilometers to capture the full complexity and unpredictability of daily traffic. This is

typically conducted by professional drivers with prototype or testing vehicles on public roads,

and it is particularly suitable for attaining extensive KPIs of the system or component. The

concept of endurance contrasts with the implicit subsampling or discretization of test cases in

scenario-based testing: it attempts to reach those yet unknown edge cases or rare events that

cannot be foreseen in any formal specification strategy. One common example of its unique

usefulness is to help detect and minimize false positives or false alarm rates [Hakuli & Krug,

2014]. Endurance testing thus comprises the so-called Field Operational Tests (FOT), or tests

with equipped vehicles on public roads.

However, as the variety is achieved through sheer volume, the efficiency and objectivity

of test cases are lost. Accordingly, the time and cost increase immeasurably, especially when

considering the targets of millions (or billions) of kilometers required for fully testing an au-

tonomous vehicle. Yet, it is fundamental for any development process since it complements
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scenario-based testing: by opposing its analytical reduction, the probability of encountering

unpredictable problems and thus going beyond the known spatial state is much higher.

As standard practice, endurance testing results constitute the final approval of the SuT, as

it offers the most realistic validation stage before production and deployment [Hakuli & Krug,

2014]. In any case, having these tests as a viable option ultimately relies upon the level of

maturity of the project. The system needs to be fully integrated into the vehicle with an adequate

level of proven performance, and the prototype vehicle itself in turn also needs to be ready for

long-range driving. Since most functionalities, such as lane detection in this work, have a

structural role in the automated driving system, there is usually a need to execute specific

endurance tests on components. This is hardly feasible before the latter stages of the project.

2.1.2 Virtual Testing

In recent years, the exponential increase in technical specifications and legal requirements

has pushed the minimum number of test cases far beyond road testing capacity. For instance,

according to Wachenfeld and Winner [2016], 6.61 billion kilometers must be driven to encounter

at least one critical incident, based on the average number of kilometers driven between two

fatal incidents on German roadways. Therefore, they conclude that executing verification and

validation of autonomous vehicles for public deployment solely through real test drives is likely

infeasible.

Thus, the strategy has gradually expanded to include virtual testing in simulation envi-

ronments, where typically the effectiveness of safety systems can be evaluated first in driving

simulators and later on with actual real-world data [Hakuli & Krug, 2014]. Scenario-based test-

ing facilitates this transition by providing clear and quantifiable parameters for test configuration

and metrics for test coverage. But it also sheds new horizons for endurance testing since it

enables the control and expansion of diversity while limiting costs for previously unattainable or

unreasonable targets of driving kilometers.

In virtual test approaches, engineers typically configure an X-in-the-Loop architecture.

This is part of a testing methodology that aims to integrate real-world components into a sim-

ulated environment. The element under assessment (”X”) may be a software or hardware

component, a vehicle, or a model. In parallel, the simulation platform (”loop”) comprises virtual

vehicle prototypes and their critical sub-systems capable of executing realistic vehicle behav-

ior, the virtual environment, sensors, a communication stack, and a real-time co-simulation

platform for deterministic computation [Moten, Celiberti, Grottoli, & van der Heide, 2018]. Con-

necting these elements to a simulation platform allows precise monitoring of the outputs, i.e.,

vehicle behavior, corresponding to a given synthetic input. Therefore, system performance can

be insulated and assessed unequivocally. For instance, Software-in-the-Loop (SiL) testing in-

volves executing software code in a simulated environment to examine its functionality without

physical hardware. On the other hand, Hardware-in-the-Loop (HiL) testing incorporates actual

hardware components—commonly, sensors, brakes, or electronic control units—into the simu-

lation to evaluate their integration and response to the virtual environment (see Figure 2.2).
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Figure 2.2 Camera-HiL demonstration from IPG Automotive [2024a].

Traditionally, on test tracks, even with the same conditions and procedures, there is no

exact reproducibility due to the complex interactions that minimal exogenous influences have

on the system. Virtual testing increases the reproducibility of tests and, in consequence, the

confidence level of testing verdicts [Hakuli & Krug, 2014]. Furthermore, it adds scalability,

immediacy, and automation, considering that thousands of test cases can run in parallel with

distributed cloud infrastructures. Finally, it adds flexibility and control since massive test series

are configurable with rigorous parametric variations.

2.2 Lane Detection Validation

As seen in V&V, the data limitations associated with validation also impact training and testing

lane detection models. Pan et al. [2018] state that one of the reasons for assembling CULane

was that the datasets available were insufficient to train their Spatial-CNN network. Composed

of only a few thousand images taken in daylight with limited traffic (highway) and clear line

markings, existing datasets rarely contained occlusions from other elements, fragmented sec-

tions, or signs of erosion. Instead, CULane was recorded in a dense Beijing scenario, including

unfavorable lighting and weather conditions (see Figures 2.3 and 2.4). Thus, it provided a more

challenging benchmark dataset for validating lane detection systems, with a volume 20 times

larger than TuSimple. According to J. Li [2023], CULane is still the most requested benchmark

by researchers in 2024, accounting for 63% of references in the literature.
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Figure 2.3 CULane dataset samples from Pan et al. [2018].

Figure 2.4 CULane dataset distribution from Pan et al. [2018].

Although several other large and robust datasets are now open source, all still require

significant investment. Since typical datasets stem from in-car recordings of actual traffic on

public roads and imply labeling frame-by-frame pixel-accurate lane marking points, they are

both onerous and logistically complex. Furthermore, if the data specifications for a particular

system change or expand, its development costs may increase immeasurably. On the contrary,

synthetic datasets are much more cost-effective than real-world data because volume scales

with a residual impact on effort and equipment. Also, since the annotation process in simulation

is automated (rather than manual), it can be evaluated and assessed for quality and accuracy

criteria. Overall, it offers control and degrees of flexibility, permitting changes in annotation

requirements during the development cycle or according to different target classes.

Additionally, the degree of variability in the recorded data always constricts the learning

model’s capability. Regarding this, Zakaria et al. [2023] note that lane markings typically follow

conventions specific to a country or region and that the ego-vehicle speed in real data collection

usually ranges in low-flow traffic (up to 80 km/h), lacking higher-speed instances. In contrast,

it is possible to tailor synthetic data and provide these specific environmental factors, plus ad-

verse illumination, rare traffic events, and unusual road layouts. Fundamentally, it can support a
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dataset curation strategy to control imbalances in training. For instance, if a dataset contains a

20/80 ratio between day and night or between highway and city scenarios, sheer volume will not

be sufficient; the poor economy of the data will still affect the model’s performance and thwart

its validation. A robust V&V strategy must enforce the widest collection of testing variations

within an efficient dataset. Thus, simulation environments are an effective source for complete

coverage of the driving domain and a suitable degree of variance expected for training and

testing.

Of course, the simulation-to-real domain gap in camera data is still considerable, even

considering state-of-the-art rendering engines. The photorealism and diversity of artificial envi-

ronments may be impressive. However, we should not underestimate the variance due to noise,

unpredictability, or anomalies in a real-world driving dataset. Synthetic data may fruitfully ex-

pand on authentic data, yet entirely replacing its full complexity and richness will implicitly create

invisible ceilings and arbitrary overfits for the generalization capabilities of a learning model.

2.2.1 Synthetic Data Generation

Regarding the methodology of this thesis, it is relevant to clarify the distinction between open-

loop and closed-loop testing. In open-loop, the SuT receives inputs from the simulation but

operates independently from it. As an illustration, the insulated software component would

receive image or radar data and process its results without interaction with any other compo-

nents, particularly without interfaces to the virtual vehicle’s motion control component. On the

contrary, in closed-loop testing, there is a continuous feedback loop in which the SuT receives

inputs and directs its outputs back into the simulation, thus replicating automated vehicle be-

havior. The norm for V&V procedures is to establish a full closed-loop setup, which requires the

complete ADAS architecture to be integrated into the virtual environment. However, for initial

algorithm development, when motion control components for the virtual vehicle prototype are

not yet ready, the only possibility is to set up an open-loop system.

Therefore, the goal of this work is to implement a pipeline for generating synthetic data

using an open-loop testing methodology. In the given context, there is no complete ADAS archi-

tecture integrated or available, nor can such tasks be considered within the scope of activities.

On the other hand, having a standalone lane detection model to test emulates the specific

testing conditions for these functionalities in the initial phases of the V-model.

Currently, test engineers order extensive datasets of endurance driving on real roads to

evaluate the performance of components based on deep learning models. Of course, since

these models possess inherently opaque or emergent characteristics, it is not recommended

to guarantee functional safety with scenario-based test coverage alone. To face these new

challenges, Borg et al. [2018] propose that validation should significantly increase requirement

specifications in scenario-based testing and both volume and diversity of data for endurance

testing. However, due to the limitations imposed by system and vehicle maturity, as well as

technical and financial constraints, it is onerous and complex to obtain sensor data for new

benchmarks—especially those recorded with the exact specifications of the ADAS under de-
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velopment. For instance, data to test camera-based perception algorithms should replicate the

camera’s intrinsic parameters (such as lens distortion model and field-of-view), as well as its

mounting position on the vehicle. Thus, a dataset conceived for a specific project may quickly

become obsolete if hardware-related prerequisites change. It is also not straightforward to add

environmental or geographical diversity, particularly if it requires ground-truth labeling.

Thus, we intend to provide a virtual pipeline capable of generating endurance-based im-

age data, and configurable to multiple sensor specifications with ground truth for lane mark-

ings. As a result, this pipeline ought to produce a benchmark dataset with sufficient circadian,

climate, and road layout variety that aids the validation of lane detection algorithms in the early

stages of the project.
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Chapter 3

Implementation

3.1 Simulation Environment

As aforementioned, this work adopts UE5 as its simulation environment. The latest version of

this engine has brought an unprecedented level of photorealism through the addition of visual

components such as:

• Lumen Global Illumination—Real-time lighting (no lightmaps).

• Nanite Geometry—Millions of polygons in real-time.

• Virtual Shadow Maps—Soft shadows for detail streaming.

• Temporal Super Resolution—High-quality upsampling.

Epic Games has also released a free, downloadable open world as a demonstration: ”City

Sample” (see Figure 3.1). It recreates a 1.6-km2 modern metropolis with a dense traffic and

pedestrian flow, supported by the MassAI system [Epic Games, 2024]. ”City Sample” will be the

baseline project for this work since it is the most sophisticated driving simulation project made

available as open-source in UE5. The programming interface comprises either Blueprints or

C++ access. The former consists of a visual programming interface, usually considered ideal

for rapid prototyping. If the project logic or its links to plugins are already implemented in

Blueprints, which is the case with ”City Sample,” one must use these for all major changes.

The implementation tasks are then performed exclusively in Blueprints to efficiently manage

the high complexity of ”City Sample.”

UE5 provides the following standard methods for accessing simulation events:

• BeginPlay: Executes once when an actor is spawned.

• Tick: Executes frame-by-frame.

• EndPlay: Executes once the simulation closes or the actor is destroyed.

.
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Figure 3.1 Stills from ”City Sample” project [Epic Games, 2024].
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3.1.1 Ego-Vehicle Control

Establishing parametric control over current traffic participants is a prerequisite for setting up a

synthetic data pipeline. Specifically, this involves integrating a newly created ego-vehicle agent

into the MassAI traffic system and spawning it at any location in the city or at a predetermined

point, according to the scenario parameters of the test case. The ego-vehicle must drive au-

tonomously, blend in with traffic, and exhibit naturalistic behavior (follow traffic rules, keep a

safe distance from other agents, and follow coherent routes). However, all static vehicles in the

environment (parked cars) are unlinked to the MassAI execution system and cannot be set to

autonomous driving. The MassAI vehicles in ”City Sample” are randomly spawned into the en-

vironment during runtime, which implies that the ego-vehicle also had to be defined/possessed

at runtime.

Thus, to establish a MassAI vehicle with the POV of the first-person controller, the base

class for all MassAI vehicles in ”City Sample”—BP_Vehicle_Sandbox—needs to be reconfig-

ured to allow the setup of the ego-vehicle. Since the MassAI spawning process happens after

the simulation launch, within a relatively fast but undefinable time interval, the possession of

the vehicle cannot occur on the BeginPlay as well, but on the Tick event (see detail #1 in

Figure 3.2). This event, of course, executes itself on every frame and needs to be protected

with a safeguard to guarantee that, in case any ego-vehicle instance is already under control,

the possession method avoids endless repetition. When concluded, the execution will jump to

spline detection (which will be described further in section 3.1.3); otherwise, it will continue with

the ego-vehicle setup (see detail #2 in Figure 3.2).

In parallel, to ensure the exact position in which every test case should start, a simple

empty pawn (without mesh) is placed at a given road location before launch as a static object

in the environment. At runtime, the current world location distances of all BP_Vehicle_Sandbox

instances to this empty pawn are verified. The next vehicle to cross this pawn will be cho-

sen as the ego-vehicle out of all the MassAI vehicles driving autonomously through the traffic

environment.

Before advancing with further processing, it was convenient to filter out all static/stopped

vehicle instances with the custom method Check Speed, to save runtime performance from the

subsequent steps (see detail #3 in Figure 3.2). After ensuring that the vehicle instance is in

motion, the next task is to acquire all pawn actors with the ≪PositionTestCase≫ tag, previously

placed in the environment, to trigger the test case launch on specific locations (see detail #4

in Figure 3.2). With a list of all pawn actors containing the predefined tag and guaranteeing

that the list is not empty, it is now possible to enact a loop with For Each Loop with Break

(see detail #5 in Figure 3.2). This loop will query each element for world location and check its

distance towards the vehicle instance’s mesh location. If the distance is lower than a sensible

threshold (200 cm), the given vehicle instance is now circulating precisely in one of the selected

starting points (see detail #6 in Figure 3.2). The final step is to activate the previously mentioned

safeguard with the possession status boolean flag and advance for camera and view controller

configuration.
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Figure 3.2 Blueprint nodes and execution flow for ego-vehicle control.
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3.1.2 Camera Sensor

The camera sensor incorporates camera model specifications from reference vendors Valeo

[2024] and Continental Automotive [2024] as automotive standards, considering the specific

lens and sensor settings:

1. Lens:

• Focal Length—12.0mm;

• Aperture—f/2.8mm;

2. Sensor:

• Width—36.0mm

• Height—20.25mm

• Target Resolution—1920x1080

• Aspect Ratio—1.778

The stated f/2.8 aperture and 12 mm focal length intend to reproduce a wide-angle lens

with a quick aperture. A broader field of vision is usually preferable to detect active and dynamic

entities such as vehicles and pedestrians. A fast aperture provides better low-light performance

in dark/unfavorable lighting circumstances. UE5’s blueprint class BP_CineCameraActor allowed

fine control to implement these camera parameters (see Figure 3.3). This process also in-

cludes replicating the approximate installation position of the CULane camera to ensure that

the horizon line matches the expectations of the lane detection model training. From empirical

observation, the top vertex of the lane splines should reach 45%-50% of the image height.

Figure 3.3 Camera sensor specifications in the virtual environment.
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The subsequent step is to create the cinematic camera sensor and place it as an actor

in the environment. Since the vehicle setup in Blueprint implies that it is only spawned at

runtime, the camera actor must be mounted to the vehicle after its possession on the Tick

event. The Attach Actor To Component node allows to incorporate an actor as a component

in another actor. The camera actor is then attached to the Spring Arm component in the vehicle

(see detail #1 in Figure 3.4). After, the pivotal Set View Target With Blend node effectively

determines this camera as the player controller’s POV (see detail #2 in Figure 3.4). The final

step is initializing a series of variables, including a custom HUD for other functionalities (see

details #3 and #4 in Figure 3.4), such as the option to include a signature and a copyright

symbol on the viewport, and hence on the final video export.

Figure 3.4 Blueprint nodes and execution flow for the camera sensor.
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3.1.3 Ground Truth Labeling

For ground truth, the texture of each lane marking in the city’s road network was juxtaposed by

a spline component adapted to its exact position, orientation, and length. Overall, this approach

required to fit hundreds of splines (see 2nd panel in Figure 3.5). Applying splines to the road

base meshes manually is remarkably time-consuming, but there is no programmatical alterna-

tive. The road textures in the ”City Sample” environment are the composite result of multiple

layered, fragmented, and overlapping semi-transparent textures. The road layout, which con-

tains the road textures, is a unified ground object with a grid of nested square lots that support

both building property and roads indistinctly. As a result, there are no precise coordinates for

the lanes marking textures, nor is there a mesh that precisely represents the geometry of a

road, allowing for the extraction of a midpoint, for example. Regardless, the validation of the

synthetic data depends critically on the precision of the ground truth labeling. Therefore, it was

vital to adopt multi-point splines and carefully adjust each spline point to the middle axis of

each lane marking (see 3rd panel in Figure 3.5). Particularly since in ”City Sample,” some road

markings are slightly misaligned or off-centered to mimic an old or gritty urban asphalt.

In terms of ground truth extraction, it was necessary to establish an efficient and perfor-

mative method for collecting the lane markings that immediately precede or are immediately

relevant to the ego-vehicle, considering there are several hundred splines in this 1.6 km2 area.

At runtime, if the ego-vehicle is already possessed, a detection method should filter the visible

splines in the current route, starting by iterating over all splines (see detail #1 in Figure 3.6).

The spline detection method first establishes a forward vector with a longitudinal magnitude of

50 meters and a perpendicular vector with a lateral magnitude of 2 meters (see detail #2 in

Figure 3.6). These ranges define the bounding limits for collecting path-relevant splines and,

thus, implicitly determine the maximum perception horizon for ground truth in posterior valida-

tion. If a given system requirement demands validation for lane detection in superior ranges,

this method should receive appropriate parameters before further test cases. Within this lateral

range, there is also a tacit decision to extract only left and right ego lanes, excluding adja-

cent lanes, which would carry additional (and significant) overhead on runtime processing and

dataset preparation.

Then, it filters splines within a squared distance equivalent to the longitudinal range. After,

it filters splines that match the orientation of the ego-vehicle within a 60° angular radius to

both allow the correct inclusion of lanes tailored to road curvatures and exclude perpendicular

lanes at intersections (see details #3 and #4 in Figure 3.6). Within the subset of path-relevant

splines for each frame, it extracts a series of 3D points from the spline within a 50-cm sampling

interval—through Get Location at Distance Along Spline. Additionally, it will check if each

3D point is inside a virtual area of interest, using its dot product with the forward vector and the

perpendicular vector concurrently. To account for occlusions between lane marking points and

the ego-vehicle POV, all 3D points are also traced back to the camera to evaluate if there are

interposing hits via Line Trace by Channel.
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Figure 3.5 Total area and fine detail for lane marking ground truth labeling.
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Figure 3.6 Blueprint nodes and execution flow for spline detection.
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Finally, it projects these 3D world coordinates onto the 2D viewport reference system with

Project World to Screen (see detail #5 in Figure 3.6). One last safeguard is to ensure that

these resulting 2D points are within the resolution limits with Filter with Viewport.

The result is a set of 2D positions determining the visible lane markings on the ego-

vehicle’s camera viewport. These 2D coordinates are continuously appended to a lane output

list at each frame (see detail #6 in Figure 3.6). On the End Play event for the given ego-vehicle

object, all lists are converted into string format and stored in a text file. This file will contain

a header for each frame with its elapsed timestamp and the set of respective lane boundary

2D coordinates. Figures 3.7 and 3.8 illustrate, respectively, a schematic view of the vectors of

extraction and example lane marking points.

Figure 3.7 Diagram of the area of interest for ground truth extraction.

Figure 3.8 Output sample of lane boundary markers for a single frame.

30



3.1.4 Video Recording

While the Sequencer in UE5 is generally recommended for recording in simulation, its use with

the exceptionally complex and computationally demanding ”City Sample” environment proved

to be highly unstable and impractical.

Alternatively, the ”MSC Screen Recorder” plugin [Brito, 2024] enables real-time screen/view-

port recording with minimal impact on runtime performance. For this project, it is set to 25

frames per second with an MP4 output format and a default 8-bit depth per pixel. Its usage was

also notably easy: start screen capture at Begin Play and finish screen capture at End Play

event via the interface to the plugin in Blueprint (see Figure 3.9). The resulting videos constitute

one of the outputs of the synthetic data pipeline.

Figure 3.9 Blueprint nodes and execution flow for video extraction.
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3.1.5 Dataset Preparation

For compatibility purposes with existing benchmarks, this work adopts the CULane dataset as

a reference model for converting the UE5 synthetic data. This approach shall guarantee that

any model trained or tested on CULane can seamlessly incorporate the new synthetic dataset.

CULane comprises 133,235 images captured from six vehicles operating in Beijing over a

55-hour period. The dataset is divided into training (88,880 images), validation (9,675 images),

and test (34,680 images) sets. Each image includes manual annotations of all traffic lanes,

encompassing both spline segmentation (as illustrated in Figure 3.10) and pixel-wise 2D point

labeling. The pixel-wise labels consist of a sequence of 2D coordinates, spaced 10 pixels apart

on the (y)-axis. The dataset labels up to four lanes: left adjacent, left ego, right ego, and right

adjacent. In cases of fragmented or partially occluded lane markings, the dataset incorporates

context-based estimations.

The key specifications of CULane relevant to this research are as follows:

1. Image:

• Target Resolution—1640x590

• Aspect Ratio—2.779

2. Ground Truth:

• Pixel—2D coordinates;

• Segmentation—Polynomial splines;

Figure 3.10 Frames and respective segmentation labels from CULane [Yang et al., 2022].
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To ensure consistency with CULane, the ground truth markings from the synthetic dataset

should always be extended downwards to the y -axis’ root (even when partially occluded by the

ego-vehicle). Since the synthetic lane marking points derive from the 3D world coordinates’

projection onto a 2D coordinate system, they exhibit a vanishing distance towards the horizon

and not a constant 10-pixel interval. Additionally, the ground truth extracted from UE5 (see

preceding Figure 3.8) does not identify or separate lanes, nor do the points necessarily conform

to a polynomial spline, due to possible outliers. On the other hand, most lane detection models

expect 2D coordinate points and segmentation labels for each lane, with segments set at 30-

pixel width in most benchmarks [Behrendt & Soussan, 2019; Pan et al., 2018]. Finally, the

synthetic dataset contains metadata to configure the ratio of training, testing, and validation

subsets of frames, instance segmentation, and pixel point labels.

Thus, a series of automated preprocessing steps should apply to the image/video and

ground truth acquired from UE5. This preprocessing pipeline will yield a synthetic dataset

that can integrate the same standard training, testing, and validation applicable to the CULane

benchmark. In other words, the generated dataset will be technically equivalent to the reference

CULane benchmark dataset for any lane detection model.

• Image processing:

1. Check that the extracted video contains valid frames for all ground truth markers and

ignore any video frames that do not match with labeled lanes;

2. Trim the frame resolution with an aspect ratio proportional to the specified param-

eters of the reference benchmark dataset while adjusting 2D coordinates with the

corresponding offset;

• Ground truth processing:

1. Identify whether the current subset of timestamp points contains single or double

lanes, with an approximate midpoint threshold;

2. Separate the lane marker points by left and right ego lane based on the slope of all

y values, ordered relative to x ;

3. Perform a linear regression on the existing points to extract a slope and obtain an

intercept of x with y = 0 to extend all lanes to the base of the frame;

4. Perform a polynomial regression on the aggregated points (including the previously

calculated x root) to obtain a more realistic lane model that excludes outliers and

allows, e.g., accurate lane curvatures;

5. Interpolate a series of points from this polynomial model, starting from the lowest to

the highest y value, maintaining a 10-pixel interval;

6. Write the ground truth markers for each frame in an individual text file;

7. Draw segmentation markers for each image in an individual image file;

8. List subsets for training, testing, and validation in the metadata file;
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This project collected 44272 frames from multiple video segments for nine established test

case scenarios in UE5. Each frame has a resolution of 1920x690, and the video runs at 24

frames per second. The size of this dataset corresponds to 33% of the complete CULane and is

significantly larger than its original testing set with 34680 frames [Pan et al., 2018]. Figure 3.11

illustrates three example frames and corresponding polynomial spline segmentation. Complete

coding implementation of this preprocessing pipeline is available in Annex A (Figures A.1, A.2,

A.3, A.4, A.5, A.6, and A.7).

Figure 3.11 Frames and respective segmentation labels from the UE5 synthetic dataset.

3.1.6 Test Cases

As mentioned, our goal is to provide a validation framework for endurance-based testing, ad-

justable to various sensor specifications, with ground truth information for lane detection. Its

primary outcome will be a curated synthetic dataset that includes variations in circadian phases,

climate conditions, and road layouts. While traditional endurance testing often prioritizes vol-

ume or duration, this research introduces a test case methodology to improve dataset diversity

and assess SuT performance beyond any limitations of benchmarks like CULane.

Test cases reflect dawn, noon, and nighttime combinations with challenging lighting and

weather circumstances. Prototypical images from each of the nine test cases are shown in

Figures 3.12, 3.13, and 3.14. It features foggy and glaring conditions to represent scenarios

with significantly reduced contrast in road markings. Fog-filled scenes, in particular, are missing

in CULane, as seen with its dataset distribution in preceding Figure 2.4 from Chapter 2.
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Figure 3.12 Example frames for test cases at dawn (with clear, foggy, and glaring light).

35



Figure 3.13 Example frames for test cases at noon (with clear, foggy, and glaring light).
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Figure 3.14 Example frames for test cases at night (with clear, foggy, and glaring light).
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Chapter 4

Results & Analysis

4.1 System-under-Test

4.1.1 CLRNet

Using a novel, cross-layer network architecture, CLRNet achieved the highest F1 score (80.47%)

in the CULane dataset, establishing itself as the state-of-the-art method for lane detection in

2022 [PapersWithCode, 2024]. This performance was complemented by its exceptional results

on the TuSimple and LLAMAS datasets, where it achieved a maximum accuracy of 97.89%

and 96.12%, respectively. In parallel, its availability as an open-source implementation [Zheng

& Huang, 2022], unlike other leading lane detection models, further supports the decision to

select CLRNet as the SuT for this project. Regarding real-world deployment, no performance

data has yet been published until 2024.

Its authors noticed that while lane detection performance is typically strong in controlled

environments, most models experience significant problems with unusual road markings, heavy

traffic, or highly blurred lane markings caused by unfavorable lighting conditions [Zheng &

Huang, 2022]. These difficulties highlight how important contextual information is to lane de-

tection. In response, CLRNet includes a multi-layer feature extraction strategy, starting with

high-level semantic features to capture global scene context and then progressively refining

lane detection using low-level, fine-grained details.

An essential component of this cross-layer architecture is the Region of Interest (ROI)

module, termed ROIGather. ROIGather captures road boundaries, adjacent lanes, and other

important environmental factors. The network subsequently iterates through multiple image

layers (see Figure 4.1). This cross-layer design enhances the model’s ability to maintain accu-

racy in dynamic or cluttered driving environments or to interpret lanes when the visibility of its

features is compromised. Overall, it offers greater robustness since it remarkably resembles

human perception in adverse visibility conditions: when a lane is either occluded, obscured by

darkness, or glare, the driver’s focus immediately shifts, raising attention from the lane itself to

the global layout and landmarks of the road.

The authors also introduce Line Intersection over Union (LIoU) loss—a regression tech-

nique tailored for lane predictions. In contrast to the pixel-level loss functions typically employed

39



in lane detection models, LIoU measures the complete lane geometry, optimizing accuracy in

lane position predictions. This approach guarantees higher alignment between expected lanes

and actual road markings, particularly when challenging road conditions result in partially ob-

scured or distorted lanes.

The code in Annex B, adapted from [Zheng & Huang, 2022], defines the configuration

used in this work for testing CLRNet, including network architecture and validation parameters

(Figures B.3, and B.4).

• Network Configuration:

– The backbone is a pre-trained ResNetWrapper (resnet34) architecture.

– The network head includes three refinement layers, 192 predefined anchor points—as

initial lane hypotheses (priors), and a fully connected hidden layer with 64 units. It

outputs 36 sample points per lane with a 10-pixel interval.

– The neck uses a Feature Pyramid Network (FPN) with input channels [128, 256,

512], output channels of 64, and three output layers. Attention mechanisms are

disabled.

• Loss Weights:

– Intersection over Union (IoU) loss is set at 2.0.

– Classification loss (CLS) is set at 2.0.

– Lane localization (XYT) loss is set at 0.2.

– Segmentation loss is set at 1.0.

• Image Preprocessing:

– The images are normalized using [103.939, 116.779, 123.68] as the mean and [1.0,

1.0, 1.0] as the standard deviation.

– The original image dimensions are resized from 1920x690 to 800x320 pixels (the

top 270 pixels are cut off).

• Validation:

– The confidence threshold for lane predictions is set to 40%.

– The Non-Maximum Suppression (NMS) threshold is set to 50%, which determines

the degree of overlap allowed between different lane predictions before suppression.

– The model is set to handle 2 lane classes (left ego and right ego lane).

– The ideal lane width is set at 30 pixels.

– The IoU threshold is initialized at 50% and iteratively applied within the range 50%—95%.
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Figure 4.1 CLRNet model architecture from Zheng et al. [2022].

4.2 Metrics

Zheng et al. [2022] apply the official scoring method of the CULane benchmark to CLRNet, thus

ensuring consistency in lane detection results versus other models for the same benchmark.

Its source code is available in Annex B (Figures B.5, B.6 and B.7).

The CLRNet performance evaluation primarily measures the F1 score, a balance between

precision and recall (see Equation 4.1). Precision in this context refers to accurately predicted

lane points out of all predictions, while recall represents the proportion of accurately predicted

out of all the ground truth lane points.

F1 = 2 ∗ P recision ∗ Recal l
P recision + Recal l

=
2 ∗ TP

2 ∗ TP + FP + FN
(4.1)

To determine accuracy, each predicted lane on every frame is compared to the correlative

ground truth lane segments, with an Intersection over Union (IoU) beyond a specified threshold

indicating a true positive prediction. To properly execute the comparison between lane predic-

tions and actual lane markings, both sets of points must interpolate as continuous curves—a

requisite that had been already suited for the ground truth lane marking coordinates as part of

the data processing steps in Chapter 3. The interpolation allows to sample predefined y -values

on a 10-pixel interval and calculate the corresponding x-values from its polynomial spline, thus

composing two sets with a definite number of discrete points (ranging from zero detections to

the network’s maximum output of 36 sample points). Both polynomial splines (lane detections

and ground truth points) are then drawn as binary masks with a segment width of 30 pixels on

an image grid, as specified in the validation settings above. The ratio between the overlapping

area of both lanes and their union will output the IoU (see Equation 4.2). IoU thresholds range

from 50%—95% to assess the model’s performance under different tolerance values.

IoU =
Area of Over lap

Area of Union
(4.2)
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4.3 Results

CLRNet’s pre-trained ResNet-34 model checkpoint [Zheng & Huang, 2022] is selected for in-

ference with the synthetic dataset. In general, the model’s performance slightly degrades com-

pared to its original results on the CULane benchmark (see Table 4.1). The maximum F1-score

(79.50%) occurred with a clear sky at dawn, indicating the importance of high ambient illumi-

nation levels for lane recognition. All test cases under a clear sky delivered values (79.50%,

74.56%, and 71.08% at dawn, noon, and night, respectively) that fell within a fair range of

the mF1-score on CULane (79.73%) for the CLRNet ResNet-34 model [Zheng et al., 2022].

Regardless of the time of day, the most strenuous test conditions—fog and glare—expectedly

produced the lowest results. The impact of nighttime testing was less pronounced because of

the urban environment’s bright street lighting. As a note, our analysis constrained the model to

a two-lane maximum detection threshold.

Table 4.1 also shows that precision values generally exceeded recall, consistent with the

necessary balance for lane detection functionality. For road deployment, false positives are

more dangerous than false negatives since detecting incorrect lanes may lead to erratic trajec-

tories and diverge the vehicle off-road or into adjacent traffic, while missed instances can still

be recoverable.

Test Time Weather Frames Precision Recall F1-Score

1 Dawn Clear 4505 77.37 81.74 79.50

2 Dawn Fog 5605 79.98 46.91 59.13

3 Dawn Glare 5667 62.26 45.33 52.46

4 Noon Clear 4360 77.97 71.44 74.56

5 Noon Fog 4517 75.87 43.35 55.17

6 Noon Glare 5767 76.42 50.20 60.60

7 Night Clear 4395 74.18 68.23 71.08

8 Night Fog 4391 78.79 57.87 66.73

9 Night Glare 5065 71.37 66.89 69.06

Total - - 44272 74.63 58.43 65.54

Table 4.1 Performance of the reference CLRNet model on synthetic data.

Figures 4.2, 4.3, and 4.4 illustrate the most relevant findings. Lane marking edges and

other road markers are dim under virtual fog conditions, which causes irregular and oscillating

lane detection. Furthermore, harsh sunlight reflections on the pavement pose the most severe

challenge to the model. Here, contrast loss is nearly complete, as the road surface reflects

as brightly as the color of its lanes. Both scenarios are well-known for their difficulty in real-

world conditions, stressing the image sensor’s dynamic range to the point of complete blur or

saturation.
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Figure 4.2 The model often inferred lane markings from parking boundaries.

Figure 4.3 The model misinterpreted numerous frames in fog-filled scenes.

Figure 4.4 Glare from direct sunlight creates the most severe challenges.

Multiple authors have confirmed the impact of complex weather conditions in traffic for

object detection (fog, glare, rain, and snow) and reviewed the strategies adopted for improving

performance [Arthi, Murugeswari, & Nagaraj, 2022]. Even though CLRNet enhances feature

detection with contextual information, these scenarios still hinder its results considerably, which

may stem from its rarity in the original CULane training set.

4.4 Sim-To-Real Domain Gap

By examining CLRNet’s performance in synthetic data compared to the original dataset—before

further adaptation measures—we proposed quantifying the raw domain gap between CULane

and our experimental benchmark. Given that the best test case score obtained using the syn-

thetic dataset closely matched the real-world dataset, the domain gap in simulation may appear

to be already negligible. However, this score occurs in clear weather conditions. In fact, there

is a significant variance between test cases. The aggregated results still show an average

14.19% gap versus the CLRNet ResNet-34 model’s performance on real-world data (79.73%).

This discrepancy is partly due to the different testing scenarios between CULane and our syn-

thetic dataset, particularly the challenging conditions with fog and glare.

On the other hand, image rendering attributes and camera model properties of UE5 will

also affect, to a certain degree, transferability from the synthetic to a real-world domain. Finally,
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the original camera specifications—undisclosed in CULane—should also be considered a rele-

vant factor in setting up any camera-based simulation. Regardless, it is expected that a model

neither trained nor optimized for its target domain will inevitably suffer a drop in performance

proportionate to the degree of dissimilarity from its source domain. Such a dissimilarity does

occur between CULane and our synthetic dataset.

4.4.1 Synthetic Discriminator

To further examine the hypothetical domain gap inferred from CRLNet’s performance drop be-

tween real-world and synthetic datasets, this research establishes a convolutional neural net-

work (CNN) architecture acting as a ”synthetic discriminator.” Preprocessed road images are

fed into this discriminator, which then categorizes them as pertaining to the artificial UE5 envi-

ronment or the real-world CULane dataset. Table 4.2 describes the architecture of the discrim-

inator.

Layer Type Parameters Activation

Input Input Data 1462X526 -

Conv2D Convolutional 32x5x5 ReLU

MaxPool2D Pooling 5x5 -

Conv2D Convolutional 64x5x5 ReLU

MaxPool2D Pooling 5x5 -

Conv2D Convolutional 32x5x5 ReLU

MaxPool2D Pooling 5x5 -

FullyConnected Dense 512 ReLU

Dropout Regularization 0.8 -

FullyConnected Output 2 Softmax

Table 4.2 Minimalist CNN architecture for the synthetic discriminator.

The network utilizes three convolutional layers with ReLU activation and max-pooling for

feature extraction, followed by fully connected layers with dropout for regularization. The final

layer employs a softmax activation for binary classification: real versus synthetic. A subset

of 5000 frames from CULane and an additional 5000 frames from the synthetic dataset are

combined to create the training set for this artificial discriminator, which totals 10,000 images.

Separately, another 1000 randomly chosen images from both datasets are the test set. The

goal of the intentionally simplified network architecture is to assemble a neutral benchmark

for the degree of similarity between synthetic and real images. Considering the high diversity

of CULane, the expectation was that the discriminator’s performance would likely capture the

limited or recurring background patterns in the nine virtual test scenarios. The small filter

sizes and low number of units are thus an attempt to avoid overfitting the synthetic data. The

implementation code of this discriminator is available in Annex C (Figures C.1, C.2, and C.3).
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The synthetic discriminator shows a remarkable performance and achieves an accuracy

of 95.48% during training (see Figure 4.5). In the testing phase, it achieves results above 94%,

which naturally leads to the conclusion that the images from both datasets (real and synthetic)

are easily distinguishable, at least for this type of CNN architecture. Examination of the training

dataset confirms the prior expectations. The synthetic dataset only contains nine test case sce-

narios, which determine limited lighting patterns, road layout, and urban infrastructure. On the

other hand, the real dataset derives from 55 hours of driving in Beijing, reflecting variability on a

significantly larger scale. It is the most probable hypothesis for the notable performance of the

discriminator. Naturally, from this project’s perspective, the ideal outcome would be to demon-

strate the high level of realism of the virtual environment by showcasing a modest performance

of the synthetic discriminator. In terms of future measures to shorten this differentiation, one

crucial approach is to increase the number of test case scenarios in UE5, thus bringing the two

data distributions to similar scales of variability.

Figure 4.5 Training progress for the synthetic discriminator.

4.4.2 Domain Adaptation

Many authors have studied the problem of applying models to domains other than their source

domain, i.e., their training and test data sets. Switching domains usually leads to a significant

performance drop as they are part of distinct data distributions. Techniques for bridging source

and target distributions fall under Domain Adaptation (DA). The same challenge arises here

between real and synthetic domains. Our previous analysis led us to conclude that the degree

of photorealism in each image is not yet fully mature, and, importantly, the degree of variability

and complexity within the synthetic dataset is still quite limited.

Abramov, Bayer, and Heller [2020], for instance, demonstrated how classical unsupervised

techniques such as Feature Distribution Matching (FDM) and Exact Histogram matching (EHM)

can, to some extent, improve the similarity and, consequently, detection performance between

synthetic and real-world datasets. They propose aligning color histograms’ mean/covariance

of source images towards the target domain. Results from domain adaptation between well-

known real (KITTI, Cityscapes) and synthetic benchmarks (GTA Sim 10K, Foggy Cityscapes)
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prove it is a strategy to consider [Abramov et al., 2020].

Randomization is also a well-known strategy to address the domain gap between sim-

ulation and reality. Tremblay et al. [2018] suggest arbitrarily altering several data generation

parameters, including lighting, object posing, and texture, to increase informational entropy

and lessen training bias. This study from 2018 first showed it was possible to train neural net-

works with convincing performance using only synthetic data, circumventing the need to gather

manually annotated real-world data or create highly accurate synthetic environments. Never-

theless, in this context, bringing parameter randomization strategies into practice falls beyond

the limits of its scope. Parameter variations would affect the urban environment in ”City Sample”

and require significant extra efforts, including 3D modeling and asset creation.

Another option to enhance performance between real and virtual domains is to leverage

the latest capabilities of generative models, particularly to apply image-to-image translation

techniques to extend the diversity and variance in the synthetic data distribution. Parmar, Park,

Narasimhan, and Zhu [2024] have demonstrated the efficacy of CycleGAN (Cycle-Consistent

Generative Adversarial Network) for unsupervised scene translation tasks, such as day-to-night

conversion or adding weather effects like fog, snow, and rain. As a generative model, Cy-

cleGAN produces new instances by translating existing samples with entirely different image

styles—including lighting, texture, and color features. The advantage of CycleGAN for this con-

text is to operate automatic image-to-image translation in an unsupervised manner. Samples

from a virtual environment will not have a direct correspondence in the real-world domain, and

thus we cannot rely on supervised methods for improving their photorealism or alternating dif-

ferent ambiance properties. As with the prototypical CycleGAN architectures, Parmar et al.

[2024] use two translation functions that convert images from the domain X to Y . Both gener-

ators use the same underlying network, Stable Diffusion Turbo, with text prompts to guide the

style transfer. Cycle consistency loss implies that the images are translated from the source do-

main to the target domain and reconstructed again to ensure they closely resemble the original

and penalize deviations from an idempotent mapping. Adversarial loss derives from coupling

each generator with a discriminator that distinguishes between authentic and artificial images.

Overall, minimizing both losses optimizes the model’s domain adaptation capability.

Samples obtained from inference on the available pre-trained model from Parmar and Zhu

[2024] demonstrate visually appealing results, particularly for the use case of rainy weather

(see Figure 4.6). However, the pre-trained model outputs a resolution of 512x512, which is

significantly lower than the quality level of the images from UE5 (1920x1080). To maintain

a similar resolution and for the immediate purpose of domain adaptation between UE5 and

CULane, it would be advisable to retrain the CycleGAN model with real driving data. Since this

requires considerable video memory resources and an extended timeline, further expansion of

the synthetic dataset with CycleGAN and re-testing of CLRNet is set only as a future measure.
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Figure 4.6 Synthetic frame and translation samples (rain, night) with Parmar and Zhu [2024].
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Chapter 5

Conclusions & Future Work

Current lane detection systems still exhibit significant performance degradation in certain edge

cases. While public benchmarks typically cover a wide range of traffic scenarios and weather

conditions, they may still contain blind spots that impact reliability in real-world applications. The

validation strategy proposed in this thesis involves extending standard benchmark datasets

to achieve broader coverage of environmental variations through the complementary use of

synthetic data. For validation, synthetic data can help identify latent anomalies or imbalances.

For training, it can augment real-world data with additional traffic scenarios, road types, and

varying weather and lighting conditions to improve coverage and generalization.

The primary outcome of this work is an automated framework for generating synthetic

data—designed for endurance testing of lane detection systems. Its datasets can seamlessly

integrate training, testing, and validation pipelines by complying with a standardized benchmark

structure and its official scoring methods. In particular, the synthetic dataset developed in this

work is aligned with the CULane benchmark, ensuring compatibility with lane detection models

trained or tested on it. The framework also provides an efficient method for extracting accurate

ground truth labels, including lane markings, from the simulated environment.

In addition, this work examined the domain gap between simulation and real-world testing

by using CLRNet as a reference for the experimental synthetic benchmark. While performance

on the synthetic dataset under clear weather closely matched its results on CULane, we ob-

served significant variance across other test cases, with an aggregated average gap of 14.19%.

In part, the noticeable weaknesses found in fog and glaring sunlight scenes led us to investi-

gate CLRNet’s training dataset and conclude that CULane does contain few fog-filled scenes,

which likely contributed to this performance drop.

Nevertheless, these findings also highlight the need for further research into the discrep-

ancies between simulated and real-world environments. Future work shall focus on developing

techniques to bridge this domain gap and improve the generalization of models eventually

trained on synthetic data. As shown with image-to-image translation techniques in this work,

generative models could be employed to mitigate the representational constraints and visual

biases that still limit the effectiveness of simulation environments.
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Annex A

Data Processing
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Figure A.1 Code from scripts.data.dataset.py (I).
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Figure A.2 Code from scripts.data.dataset.py (II).
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Figure A.3 Code from scripts.data.dataset.py (III).
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Figure A.4 Code from scripts.data.dataset.py (IV).
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Figure A.5 Code from scripts.data.dataset.py (V).
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Figure A.6 Code from scripts.data.processing.py (I).

57



Figure A.7 Code from scripts.validation.spline regression.py (I).

58



Annex B

CLRNet
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Figure B.1 Code from clrnet.datasets.culane.py (I) [Zheng & Huang, 2022].
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Figure B.2 Code from clrnet.datasets.culane.py (II) [Zheng & Huang, 2022].
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Figure B.3 Code from configs.clrnet.clr resnet18 culane UE5.py (I) [Zheng & Huang, 2022].
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Figure B.4 Code from configs.clrnet.clr resnet18 culane UE5.py (II) [Zheng & Huang, 2022].

63



Figure B.5 Code from clrnet.utils.culane.culane metric.py (I) [Zheng & Huang, 2022].
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Figure B.6 Code from clrnet.utils.culane.culane metric.py (II) [Zheng & Huang, 2022].
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Figure B.7 Code from clrnet.utils.culane.culane metric.py (III) [Zheng & Huang, 2022].
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Figure B.8 Code from main.py (I) [Zheng & Huang, 2022].
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Annex C

Synthetic Discriminator
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Figure C.1 Code from scripts.data.discriminator.py (I).
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Figure C.2 Code from scripts.data.discriminator.py (II).
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Figure C.3 Code from scripts.validation.discriminator.py (III).
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Abstract
Autonomous driving systems rely heavily on lane detection. There-
fore, ensuring its robustness and reliability is crucial for road safety.
This work proposes to validate one of the leading lane detection
models in the CULane benchmark with an alternative synthetic
dataset—with full automated ground truth labeling—from Epic
Games’ Unreal Engine 5, a dynamically enriched, photorealistic
simulation environment. By providing a range of diverse and chal-
lenging conditions (circadian, climatic, and road types), we aim to
analyze the algorithm’s performance and, in parallel, to collect ref-
erence indicators of the domain gap versus its original real-world
dataset. Findings reinforce the role of synthetic data to expand
testing coverage and minimize the imbalance of training datasets
for safety-critical applications.

CCS Concepts
• Computing methodologies; • Modeling and simulation;
• Simulation evaluation; • Machine learning; • Cross-
validation; • Artificial intelligence; • Computer vision; • Com-
puter vision problems; • Object detection;
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1 INTRODUCTION
Lane detection, part of the perception stack in autonomous driving
systems, guarantees that the environment model correctly captures
the traffic layout of the road. The aim is to accurately extract lane
boundaries and continuously track these markings in real-time.
It assists in segmenting the suitable navigation path, enabling au-
tonomous vehicle motion control and trajectory planning. As noted
by Zakaria et al. [1], in recent years, modern lane detectionmethods
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have mainly employed deep learning models, either in stand-alone
end-to-end architectures or in combination with classical computer
vision approaches, supported by geometric modeling in conven-
tional pipelines (denoising, feature extraction, model fitting, and
lane tracking). Although classical methods offer pixel-preciseness,
transparency, and predictability (non-stochastic training), they can
be too extensive or sluggish for real-time applications and often rely
on complex heuristics or handcrafted configurations that struggle
to adapt to eventful scenarios or unexpected road layouts. In con-
trast, results have overwhelmingly shown the high generalization
capabilities of convolutional neural networks and encoder-decoder
structures [2]. However, a trade-off remains in this transition.

Safety-critical applications such as lane detection require formal
verification of robustness and reliability. First, to ensure it main-
tains functional behavior with erratic or glaring lighting, adverse
weather, faded, omitted, or fragmented lane marking sections, and,
secondly, that it does not degrade its performance yet upholds a
threshold of confidence throughout its life cycle. Deep learning
techniques now add a new challenge: safeguarding the system if
the underlying components possess inherently opaque or emergent
characteristics. Borg et al. [3] defend that ADAS development
standards should necessarily augment testing specifications and
procedures in response to the increasing dependency on neural
networks. Accordingly, to expand from exclusive on-road testing
to simulation and synthetic data, matching the exponential growth
of formal verification scenarios and the corresponding coverage
needed.

1.1 Related Work
CULane [4], TuSimple [5], and LLAMAS [6] are some of the most
frequently referenced lane detection benchmarks in the literature.
These datasets derive from extensive real-world driving data cap-
tured by camera-equipped test vehicles, generally ranging across
various traffic situations, geographical locations, weather, and light-
ing conditions. Its ground truth is manually annotated and usually
consists of pixel-wise markers for lane-fitting polynomial lines; in
certain circumstances, it also provides lane-type information (solid,
dashed).

Regarding synthetic techniques, manyworks have used the open-
source simulator CARLA [7] for data generation. Tran et al. [8]
trained and validated a U-Net segmentation network for extracting
lane marking features with a dataset of 4000 images from the simu-
lator. CarlaScenes [9] is a benchmark dataset specifically designed
to analyze the performance of odometry models on a collection of
specific test cases with camera and LIDAR-labeled data. Simulanes
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[10] is a CARLA-based dataset generator that supports a domain
adaptation technique with adversarial generative and feature dis-
criminators. The goal is to train the learning model on a synthetic
domain with simulation-based labeled scenes and predict lanes on
a given real-data domain.

More recent examples of synthetic data generation already in-
corporate Unreal Engine 5 (UE5). Damian et al. [11] trained object
recognition algorithms with data from the platform. Accurate 3D
replicas of real-world objects are scanned using photogrammetry,
imported into various simulation scenarios, and compiled as a train-
ing set for YOLOv8 to increase robustness. Hu et al. [12] developed
a synthetic dataset using UE5 to evaluate the impact of camera shut-
ter types on object detection’s accuracy, specifically for low-speed
traffic participants (pedestrians).

Garnett et al. [13] proposed to train lane detection models with
a reduced part of the TuSimple and LLAMAS datasets (10%); the
remainder consisted of synthetically generated data from 3D mod-
eling (Blender), with parameterized variability in road and lane
topology, topography, and curvature. Nie et al. [14] generated
artificially foggy scenes with an atmospheric scattering model and
applied them as a data augmentation method to the CULane dataset,
improving lane detection of the state-of-the-art models on both fog
and open sky images.

2 METHODOLOGY
2.1 Synthetic Versus Real Data
The data constraints associated with developing lane detection mod-
els are well known. As observed by Pan et al. [4], one of the reasons
for developing CULane was that datasets available at the time were
either “too small or too simple” to train their Spatial-CNN network.
Composed of only a few thousand images taken in daylight with
limited traffic (highway) and clear line markings, they rarely con-
tained occlusions from other elements, fragmented sections, or
signs of erosion. Instead, CULane stems from a dense Beijing urban
scenario and includes unfavorable lighting or weather conditions.
Thus, it provides a more challenging benchmark dataset for vali-
dating lane detection systems, with a volume 20 times larger than
TuSimple. According to Li [15], CULane is still the most requested
benchmark by researchers, accounting for 63% of references in the
literature.

Although several other large and robust datasets are now open
source, all still require significant investment. Since typical datasets
stem from in-car recordings of actual traffic on public roads and
imply labeling frame-by-frame, pixel-accurate lane marking points,
they are both onerous and logistically complex. Furthermore, if
the data specifications for a particular system change or expand,
thus demanding added volume, its development costs may increase
immeasurably. On the contrary, synthetic datasets are much more
cost-effective than real-world data because volume scales with a
residual impact on effort and equipment. Also, since the annota-
tion process in simulation is automated (rather than manual), it
can be assessed for quality and accuracy criteria. Overall, it offers
control and flexibility, permitting changes in annotation require-
ments during the development cycle or according to different target
classes.

The degree of variability in the recorded data constricts any learn-
ing model’s capacity. Zakaria et al. [1] note that lane markings in
real-world collections typically follow country or region-specific
conventions and that vehicle speed tends to be low-flow traffic
(up to 80 km/h), lacking higher-speed instances. In contrast, it is
possible to tailor synthetic data and provide these specific envi-
ronmental factors, plus adverse illumination, rare traffic events,
and unusual road layouts. Fundamentally, it can support a dataset
curation strategy to control imbalances in training. For instance, if
a dataset contains a 20/80 ratio between day and night scenarios,
sheer volume will not be sufficient; the poor economy of the data
will still affect the model’s performance and thwart its validation.
A robust verification and validation (V&V) strategy should enforce
the most comprehensive and efficient collection of testing vari-
ations within the development dataset. In this sense, simulation
environments are an effective option for completing coverage of the
driving domain and adding the needed degree of variance expected
for training and testing.

Of course, the simulation-to-real domain gap in camera data
is still considerable, even considering state-of-the-art rendering
engines. The photorealism and diversity of artificial environments
may be impressive. However, variance in a real-world driving
dataset should not be underestimated (from signal noise, unpre-
dictability of traffic occurrences, or anomalies). Evenwith advanced
generation techniques, synthetic environments will not encompass
the full range of complexity found on the road. Synthetic data may
fruitfully expand authentic data, yet attempting to replace it en-
tirely may implicitly create invisible ceilings and arbitrary overfits
for the generalization capabilities of a learning model.

2.2 Simulation Environment
This work adopts UE5 as its simulation environment. The latest
version of this engine has brought an unprecedented level of pho-
torealism to graphics rendering. In addition, Epic Games has also
released a free, downloadable open world as a demonstration: «City
Sample». It recreates a 16-km2 modern metropolis with a dense
flow of traffic and pedestrians supported by Epic’s MassAI system.

Establishing parametric control over the current traffic partic-
ipants is a prerequisite for setting up a synthetic data pipeline.
Specifically, this involves integrating the newly created ego vehicle
agent into the MassAI traffic system and spawning it at a predeter-
mined point in the city. The ego vehicle must drive autonomously,
blend in with traffic, and exhibit naturalistic behavior (obey traffic
rules, keep a safe distance from other agents, and follow coherent
routes). To replicate existing datasets, the camera sensor was inte-
grated into the ego vehicle with specifications closely resembling
those found in the CULane dataset. The camera was mounted in a
position identical to the CULane setup, ensuring alignment of the
horizon line (the upper vertex of the lane splines typically occupies
approximately 45-50% of the image height).

As for ground truth, spline components are applied to the road
base meshes. The texture of each lane marking section in the city’s
road network is juxtaposed by a spline adjusted to match its exact
position, orientation, and size. At runtime, a detection function fil-
ters in the splines in front of the vehicle (up to a longitudinal range
of 50 meters, defined as an appropriate limit for the perception of
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Figure 1: Mosaic with test case samples. From left to right: clear, fog, and glare. From top to bottom: dawn, noon, and night.

the horizon) and matches its driving orientation within a 60ºan-
gle radius (to allow the correct inclusion of lanes tailored to road
curvatures and exclude perpendicular lanes at intersections). The
points from the spline are collected with a 50-cm sampling interval
in between. The 3D world coordinates of these points are projected
onto the camera’s 2D coordinate reference system. The result is a
set of 2D positions that determine the visible lane markings on the
ego vehicle’s camera viewport.

The CULane dataset is the template model for converting the syn-
thetic UE5 dataset into a standard benchmark format. It provides
133235 images at 25 frames per second [4]. Each frame contains
manual labeling of all traffic lanes with cubic splines. When oc-
cluded by vehicles or not visible, the lane markings are estimated
depending on the context. To ensure consistency with CULane, the
ground truth points are converted to a cubic spline using spline
regression and subsampled at a 10-pixel’ uniform interval. Since
detection models expect instance segmentation for each lane, these
are generated from the previously computed cubic splines, with
a constant 30 pixels as the lane’s segment width, following the
configurations of most lane detection datasets [4, 6]. Finally, the
result is a synthetic dataset that can feed the training or testing
pipeline of any lane detection model already configured for the
CULane benchmark.

2.3 System Under Test
Using a novel cross-layer network architecture, CLRNet achieved
the highest F1 score (80.47%) at CULane in 2022 [16]. Its results
also marked impressive 97.89% and 96.12% as maximum scores
on the TuSimple and LLAMAS datasets, respectively. There is no
performance report regarding real-world deployment. The pri-
mary innovation lies in its initial high-level lane detection process,
followed by a progressive refinement of fine-grained features to
pinpoint their precise location [16]. This hybrid method focuses on
contextual data (ROIGather) to maintain lane detection accuracy in
highly dynamic situations. In addition, it introduces Line IoU Loss
as a regression method over the entire lane. Overall, it offers greater
robustness since it remarkably resembles human vision in adverse

visibility conditions: when a lane is either occluded, obscured by
darkness, or glare, the perception focus immediately shifts, raising
cognitive attention from the lane itself to the global layout and
landmarks of the road.

3 EXPERIMENTAL RESULT
We selected the CLRNet ResNet-34 model checkpoint [17] for in-
ference on our synthetic dataset. The dataset totals 44272 frames
from multiple video segments covering nine established test cases,
recorded at 24 frames per second with 1920x690 resolution. The size
of this dataset corresponds to 33% of the full CULane and is signifi-
cantly larger than its respective testing set, with 34680 frames [4].
Test cases were prepared to reflect variations in circadian phases
and challenging weather conditions. Dawn, noon, and night deter-
mine three different types of lighting. To illustrate complex driving
situations, foggy and glaring sunlight scenarios are set. Figure 1
contains example frames.

3.1 Performance
Overall, the model’s performance has slightly degraded compared
to its original results on the CULane benchmark (see Table 1). The
maximum F1-score (79.50%) occurred with a clear sky at dawn,
indicating the importance of high ambient illumination levels for
lane recognition. All test cases under a clear sky delivered values
(79.50%, 74.56%, and 71.08% at dawn, noon, and night, respectively)
that fell within a fair range of the mF1-score on CULane (79.73%)
for the CLRNet ResNet-34 model [16]. Regardless of the time of
day, the most strenuous test conditions—fog and glare—expectedly
produced the lowest results. The impact of nighttime testing was
less pronounced because of the urban environment’s bright street
lighting. As a note, our analysis constrained themodel to a two-lane
maximum detection threshold.

Figures 2, 3, and 4 illustrate the most relevant findings. Lane
marking edges and other roadmarkers are dim under fog conditions,
which causes irregular and oscillating lane detection. Furthermore,
harsh sunlight reflections on the pavement pose the most severe
challenge to the model. Here, contrast loss is nearly complete,
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Table 1: Performance of the reference model on synthetic data

Test Case Daytime Weather Frames Precision Recall F1-Score IoU Threshold

1 Dawn Clear 4505 77.37 81.74 79.50 0.5
2 Dawn Fog 5605 79.98 46.91 59.13 0.5
3 Dawn Glare 5667 62.26 45.33 52.46 0.5
4 Noon Clear 4360 77.97 71.44 74.56 0.5
5 Noon Fog 4517 75.87 43.35 55.17 0.5
6 Noon Glare 5767 76.42 50.20 60.60 0.5
7 Night Clear 4395 74.18 68.23 71.08 0.5
8 Night Fog 4391 78.79 57.87 66.73 0.5
9 Night Glare 5065 71.37 66.89 69.06 0.5
Total − − 44272 74.63 58.43 65.54 0.5

as the road surface reflects as brightly as the color of its lanes.
Both scenarios are well-known for their difficulty in real-world
conditions, stressing the image sensor’s dynamic range to the point
of complete blur or saturation. Arthi et al. [18], among others,
have focused on the impact of adverse weather conditions (fog
and glare as well as rain and snow) and reviewed the multiple
strategies adopted for improving object detection. Even though
CLRNet enhances feature detection with contextual information,
these scenarios still hinder its results considerably, which may stem
from its rarity in the original CULane training set.

Table 1 shows that precision values generally exceeded recall,
consistent with the necessary balance for lane detection functional-
ity. For road deployment, false positives are more dangerous than
false negatives since detecting incorrect lanes may lead to erratic
trajectories and diverge the vehicle off-road or into adjacent traffic,
while missed instances can still be recoverable. The Intersection-
over-Union (IoU) threshold describes the minimum spatial overlap
for a true positive. As the established lane width is 30 pixels wide
in CULane [4], the detection result is valid if it overlaps the ground
truth segment by at least 50%.

3.2 Domain Gap
By examining CLRNet’s performance in synthetic data com-
pared to the original dataset—before any cross-domain adaptation
measures—we proposed to quantify the raw domain gap or degree
of similarity between CULane and our experimental benchmark.
Given that the best test case score obtained using the synthetic
dataset (in clear weather conditions) closely matched the real-world
dataset, the domain gap in simulation may appear to be already
negligible. However, there is a significant variance between test
cases, and the aggregated results still show a 14.19% gap compared
to the CLRNet ResNet-34 model’s performance on real-world data
(79.73%). This discrepancy is partly due to the different testing sce-
narios between CULane and our synthetic dataset, in particular the
challenging conditions with fog and glare. In parallel, UE5 image
rendering attributes and its camera model properties will also af-
fect, to a certain degree, the model’s transferability to the synthetic
domain. Finally, the original camera specifications—undisclosed in
CULane—should also be considered a relevant factor in setting up
any camera-based simulation.

As expected, if a model is neither trained nor optimized for its
target domain, it will inevitably suffer a drop in performance pro-
portionate to the degree of dissimilarity from its source domain. In
this regard, Abramov et al. [19], among others, have demonstrated
how classical unsupervised techniques such as Feature Distribution
Matching (FDM) and Exact Histogram Matching (EHM) can, to
some extent, improve the similarity and, consequently, detection
performance between synthetic and real-world datasets.

4 CONCLUSION
The validation strategy proposed in this work is to extend standard
datasets and achieve broad coverage of environmental variations
through the complementary role of synthetic data. Leading lane
detection systems may exhibit significant performance degradation
in certain edge cases. Even though CULane covers an impressive
range of traffic scenarios and weather conditions, it rarely contains
fog-filled scenes, which may later represent a blind spot for any
model trained on it. Synthetic data can help predict latent anomalies
or imbalances with ease and cost-effectiveness. Thus, real-world
data sets may be augmented with traffic scenarios, roadway types,
weather, and lighting conditions to increase validation coverage
and generalization capability before deployment.

In parallel, this work investigated the gap between simulation
and the real-world domain by establishing CLRNet as a reference
for the proposed experimental synthetic benchmark. The indicators
raise interest in further research into this residual, still-remaining
divergence. An immediate option is to reverse roles—by training
on synthetic data and validating with authentic data—to determine
whether the cross-domain results are bound by some symmetry.
Furthermore, employ unsupervised cross-domain fitting methods
to control the representational constraints and visual bias that
continue to impair simulation environments.
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