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Abstract
This thesis investigates whether simulation-based testing serves as a credible complement for

evaluating selected automated driving functions. Two Advanced Driver Assistance Systems (ADAS)
functionswere studied: lane keeping and parking assistance. A literature-basedmappingwas first con-
ducted to identify relevant evaluation aspects and reference values from previous research. Based on
this mapping, both functions were implemented and tested in a steer-by-wire simulation environment
built in Unreal Engine 5. The evaluation was structured around three shared performance dimensions:
accuracy, stability, and responsiveness.

For lane keeping, the system achieved a mean RMS lateral error of 8.29 cm on straight roads,
which is consistent with the lower end of values reported in previous literature under comparable
conditions. On curved roads, mean lateral errors increased to approximately 20-21 cm, where a sys-
tematic directional offset revealed the known limitation of a proportional controller lacking an inte-
gration term. For parking assistance, all 60 runs were completed successfully. The strongest final pose
accuracy was observed at a 15 m start distance, with a mean lateral error of approximately±3 cm and
a mean yaw error below 1◦. Lateral jerk RMS values ranged from 3.6 to 4.0 m/s3 across all parking
scenarios, and mean obstacle response times ranged from 0.204 to 0.252 s.

The results show that the simulation environment generated structured, repeatable, and mea-
surable data for both functions, and that the three research questions were addressable through
simulation-based evaluation. Responsiveness was the most consistent dimension across all tested con-
ditions, while accuracy and stability were more sensitive to scenario variation. The study concludes
that simulation-based testing is useful as an early-stage complement for evaluating selectedADAS func-
tions, but cannot replace physical validation, since factors such as physical vehicle dynamics, sensor un-
certainty, actuator delays, weather variation, and complex traffic behavior were not fully represented.

Keywords: Simulation-based testing; Automated driving systems; ADAS; Lane keeping; Parking
assistance; Unreal Engine 5; Functional validation; Performance evaluation
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1
Introduction

Theautomotive industry is undergoing a transition frommanual driving toward automated vehi-
cles. In recent years, autonomous driving has developed from a long-term vision into an active area of
research and industrial development. According to Marr, core technologies required for autonomous
driving (AD) are already developed today; however, the large-scale deployment in real-world traffic
remains limited due to technical, regulatory, and social challenges. [1]

An important motivation for automated driving is its potential to improve road safety. Human
factors such as fatigue, distraction, and misjudgment remain among the leading causes of traffic acci-
dents [2]. In Sweden, traffic safety work is strongly influenced by the national ”Vision Zero” policy,
which aims to eliminate fatalities and serious injuries in road traffic. Despite long-term safety efforts,
statistics from the Swedish Transport Agency show that road traffic accidents remain a significant so-
cial challenge [3]. In this context, Advanced Driver Assistance Systems (ADAS) and related automation
technologies are often described as important tools to improve traffic safety.

Against this background, the challenge is not only to develop automated driving functions but
also to validate them in a structured and credible way. Although real-world testing remains essen-
tial, it is costly, time-consuming, and sometimes difficult to conduct safely at scale. For this reason,
simulation-based environments have emerged as a promising complementary validation approach to
evaluate ADS under controlled and repeatable conditions.

However, uncertainty remains about how well simulation environments reflect real system be-
havior and performance. Rather than addressing autonomous driving as a whole, this study focused
on two selected functions within ADAS: lane keeping and parking assistance. By implementing and
assessing these functions in a controlled simulation environment, the study examined to what extent
simulation-based testing can serve as a credible complement to physical verification.
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1.1 Problem Statement

The development of automated vehicles is one of the most complex challenges in the modern
automotive industry. These systems are cyber-physical systems in which software, sensors, and phys-
ical components interact in real time [4], and where failures may have direct safety consequences. For
such systems, development methodologies such as the V-model are commonly used to maintain trace-
ability between requirements, implementation, verification, and validation [5]. In extensions of the
V-model for automated driving systems, this traceability becomes especially important because safety
and functional correctness must be demonstrated systematically rather than assumed from implemen-
tation alone.

When this development logic is applied to automated driving, a central problem becomes clear.
As the complexity of the system increases, the number of relevant traffic scenarios and system inter-
actions also increases [6]. This makes traditional physical tests increasingly difficult to scale. In safety-
critical systems, complete scenario coverage through real-world testing alone is not realistic because
the number of possible operating conditions becomes too large [7]. The main problem is therefore not
a lack of testing methods, but that testing scope grows faster than the ability to conduct physical tests.

ADAS also represents an important step in the evolution from conventional driving to more ad-
vanced vehicle automation. These systems combine sensing, control, and decision support in functions
such as lane keeping, adaptive cruise control, and parking assistance [8]. Because ADAS functions are
already used in practice and rely onmany of the same underlying technical principles asmore advanced
automated systems, they provide a relevant basis for studying how automated driving functions can be
verified and validated.

When increasing verification demands are considered together with the limitations of physical
testing, simulation becomes an important complementary approach [6]. Simulation-based environ-
ments make it possible to assess scenarios in a controlled, repeatable, and safe way, including situa-
tions that may be difficult, expensive, or unsafe to reproduce in real traffic [9]. This makes simulation
particularly relevant for the evaluation of automated driving functions.

However, simulation also has limitations. Research shows that simulation environments may
struggle to fully capture sensor uncertainty, real-world traffic dynamics, and complex environmental
interactions [9]. Although simulation offers advantages in terms of scalability and reproducibility, it
remains uncertain to what extent the results of simulation can be transferred to real-world driving
conditions.

Theoverall problemcan therefore be understood as amethodological challenge in the verification
and validation of autonomous systems. As the level of automation increases, the need for extensive
testing also increases, while physical testing alone becomes less practical. Simulation can be used as a
complement, but it is still unclear which types of autonomous and driver-assistance functions can be
studied in simulation in a way that produces results that are credible and relevant in relation to real-
world validation. In this study, the challengewas examined through two selected ADAS functions: lane
keeping and parking assistance. These two functions were chosen because both are well-established
ADAS applications with documented real-world testing data available in the literature, which makes
them suitable for structured comparison with simulation-based results within the scope of this study.
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1.2 Purpose and Research Questions

Based on the problem statement, the testing and validation of automated driving systems remain
difficult to perform in real-world environments due to cost, safety, and regulatory constraints. At
the same time, simulation-based testing is increasingly used as a complementary validation approach.
However, uncertainty remains about how well simulation environments can represent the functional
behavior of real automated driving systems.

Consequently, the purpose of this study is to investigatewhether simulation-based environments
can be used as a reliable tool to test and evaluate selected automated driving functions. More specif-
ically, the study focused on lane keeping and parking assistance as two representative functions that
can be evaluated in terms of accuracy, stability, and responsiveness, and compared with how similar
functions are assessed in previous research and documented real-world testing. These three evaluation
dimensions were identified through preliminary literature review as the most consistently reported
performance aspects in ADAS research, and were operationalized through function-specific metrics in
Chapter 3.

To address this purpose, the study first examined how lane keeping and parking assistance are
described and assessed in previous research and documented real-world testing. Based on this, the two
functions were represented, implemented, and tested in a simulation-based environment. The simula-
tion results were then analyzed and compared with findings from previous research and documented
real-world testing in terms of accuracy, stability, and responsiveness.

In this way, lane keeping and parking assistance serve as case studies to examine the suitability
of simulation-based testing. To fulfill this purpose, three research questions were defined.

Research Question 1: How are lane keeping and parking assistance assessed in previ-
ous research and documented real-world testing, and which evaluation aspects are relevant for
simulation-based assessment?

RQ1 is relevant because the study focuses on lane keeping and parking assistance rather than
automated driving systems in general. Before simulation-based results can be evaluated, it is necessary
to examine how these functions are described and assessed in previous research and documented real-
world testing. This helps identify the characteristics, testing conditions, and evaluation aspects that are
relevant for the simulation-based assessment in this study.

Research Question 2: How can lane keeping and parking assistance be represented, imple-
mented, and tested in a simulation-based environment?

RQ2 is relevant because the study not only examines how lane keeping and parking assistance are
assessed in theory and practice, but also how these functions can be translated into a simulation-based
environment. Representing and implementing the selected functions in simulation makes it possible
to test them in a controlled, repeatable, and safe setting, while avoiding many of the practical, financial,
and regulatory constraints associated with real-world testing.

Research Question 3: How do simulation-based test results for lane keeping and parking
assistance relate to findings from previous research and documented real-world test results in
terms of accuracy, stability, and responsiveness?

RQ3 is relevant because the central aim of the study is not only to test the selected functions in
simulation, but also to examine how simulation-based results relate to findings from previous research
and documented real-world testing. By comparing simulated results for lane keeping and parking as-
sistance with findings reported in previous research and testing documentation, the study can assess to
what extent simulation provides credible indications of system behavior. This comparison is based on
the performance dimensions accuracy, stability, and responsiveness, which are identified in RQ1 and
applied in RQ2.
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1.3 Scope and Limitations

This studywas limited to investigating, implementing, and evaluating selected automated driving
functions in a simulation-based environment. It did not aim to develop, validate, or certify a complete
autonomous driving system.

The practical work was restricted to two selected functions, lane keeping and parking assistance.
These functions were chosen because they represent common ADAS-related applications and allow
structured evaluation within the scope of the study. However, the findings should not be interpreted
as directly generalizable to autonomous driving systems as a whole, since other functions may involve
different technical, environmental, and safety-related challenges.

All implementation and evaluation activities were conducted in a steer-by-wire simulation en-
vironment integrated with Unreal Engine. No physical vehicle tests, proving-ground validation, or
on-road experiments were included. The results can therefore not be interpreted as direct evidence of
real-world driving performance, nor as proof that simulation-based testing can replace physical vali-
dation in general. Instead, the study examined whether simulation could provide credible indications
of system performance under the conditions tested.

A further limitation concerns simulation fidelity. Although the simulation environment is de-
signed to approximate relevant aspects of vehicle operation and surrounding traffic conditions, it nec-
essarily relies on simplified or approximated models of vehicle dynamics, sensor behavior, and envi-
ronmental variation. Factors such as tire-road interaction, actuator imperfections, sensor mounting
deviations, hardware latency, weather effects, lighting variation, and complex traffic behavior cannot
be reproduced with full realism in this work. These limitations may affect the transferability of the
findings from simulation to real-world operation.

The study was also limited by the coverage of the scenarios. Due to the scope of a 15 hp bachelor
thesis project, the evaluation was based on a restricted set of scenarios selected to be feasible, relevant,
and repeatable within the available time and technical resources. As a result, the study does not cover
rare events, adversarial cases, long-tail scenarios, or the full variability of real traffic environments. The
results should therefore be interpreted only in relation to the tested scenarios.

In addition, the evaluation was limited to selected performance dimensions. For parking assis-
tance, the analysis focuses on measures related to accuracy, stability, and responsiveness. Comparable
performance measures were used for lane keeping. Although these metrics are suitable for structured
comparison within the study, they do not fully capture all dimensions of system quality, such as long-
term robustness, broader passenger comfort, or certification-level safety assurance.

Together, these limitations mean that the study should be understood as exploratory. The work
does not establish that simulation can fully replace physical testing but examines whether simulation-
based evaluation of selected functions can produce sufficiently credible results to support further de-
velopment of simulation as a complement to physical testing.

1.4 Disposition

This report is structured to reflect progression from background and problem formulation to
implementation, analysis, and conclusions.

Chapter 1 introduces the background to the study, presents the problem statement, defines the
purpose and research questions, and outlines the scope and limitations of the work.

Chapter 2 presents the methodological framework, including the study design, literature ba-
sis, and simulation environment. It also describes the technical implementation of the lane keeping
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and parking assistance systems, the experimental procedure, data collection, and the approach to data
analysis. Validity, reliability, limitations, and ethical considerations are addressed at the end of the
chapter.

Chapter 3 provides a theoretical framework, covering simulation-based testing and validation,
the positioning of the selected functions within ADAS, the functional characteristics of lane keeping
and parking assistance, and the three analytical evaluation dimensions used throughout the study.

Chapter 4 presents the results from the simulation-based evaluation alongside collected data
from previous research and documented real-world testing. Each function is analyzed in relation to
the performance dimensions of accuracy, stability, and responsiveness.

Chapter 5 discusses the results in relation to the purpose and research questions, reflects on the
strengths and limitations of the chosen method, and considers the broader implications of the findings.

Chapter 6 presents the conclusions of the study, addresses its practical and scientific implica-
tions, and provides suggestions for further research.
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2
Method and Implementation

This study was conducted as an experimental quantitative study of simulation-based testing for
two selected vehicle functions: parking assistance and lane keeping. A quantitative approach was se-
lected because the evaluation of the functions depends on measurable system outputs, such as lateral
error, jerk, and response time, that can be compared numerically with values reported in previous
research. A qualitative approach alone would not support such structured comparison. The method-
ological approach combined a literature-based analysis, technical implementation, and controlled ex-
periments in a simulated environment. The purpose was to examine whether a simulation-based envi-
ronment can provide sufficiently credible support for the validation of the selected functions.

The study followed a function-oriented validation approach inwhich parking assistance and lane
keeping were used in two representative cases. These functions were selected because both rely on
perception, control, and sensor-dependent behavior, while differing in operational logic and scenario
structure. Thismade them suitable for examining how simulation-based testing can be used to evaluate
different types of automated driving functionality.

The work consisted of three connected stages. First, a literature-based mapping was conducted
to identify how parking assistance and lane keeping are described and evaluated in previous research
and documented real-world testing contexts. Second, the two functions were represented and imple-
mented in a simulation environment. Third, the implemented systems were tested under controlled
scenarios, and the results were analyzed in relation to the performance dimensions used in the study:
accuracy, stability, and responsiveness.

The choice of a simulation-basedmethodwasmotivated by the practical andmethodological lim-
itations of physical testing. Simulation enables controlled, repeatable, and systematically variable test
conditions, whichmakes it suitable for experimental evaluation of selected vehicle functions. The study
does not assume that simulation can replace real-world testing in general but investigates whether sim-
ulation can provide a credible complementary validation basis for the selected cases.

Figure 2.1 illustrates the overall methodological workflow of the study, from literature-based
mapping to implementation, controlled testing, and comparison with previous research and docu-
mented real-world testing.
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Figure 2.1: Overview of the methodological workflow used in the study.

2.1 Study Design and Literature Basis

Thestudywas based on both secondary and primary data. Secondary datawere collected through
a literature-based mapping of parking assistance and lane keeping in previous research and docu-
mented real-world testing contexts. Primary data were generated through implementation and re-
peated simulation-based testing of the selected functions in Unreal Engine 5.

The literature mapping was used to identify functional characteristics, system components, and
performance aspects that are central to the evaluation of the two functions. For parking assistance,
this includes aspects such as distance sensing, obstacle handling, maneuver execution, and final vehicle
positioning. For lane keeping, the mapping focuses on lateral positioning, steering correction, lane
detection, and response behavior. The purpose is not only to identify which measures are explicitly
reported, but also to determine which performance aspects should be represented in the simulation.

Scientific databases such as IEEE Xplore, ScienceDirect, and Google Scholar were used to collect
relevant sources. In addition to scientific literature, technical documentation and publicly available
descriptions from automotive manufacturers are used where they contribute to understanding how
the selected functions operate in real systems. These sources were used cautiously and primarily as
support for documented functional behavior rather than as direct validation benchmarks.

The literature search was conducted using keyword combinations including lane keeping, lane
keeping assistance, lane keeping control, parking assistance, automatic parking, autonomous parking, simulation-
based testing, ADAS validation, and autonomous driving testing. Publications from 2014 onward were pri-
oritized when identifying current approaches to ADAS evaluation, simulation-based testing, and val-
idation. Older sources were included when they provided established technical background or doc-
umented performance data that remained directly relevant to the selected functions and evaluation
dimensions. In cases where older sources were used for comparison, their age and test context were
considered when interpreting the results.

The search resultswere screened based on their relevance to the research questions. Sourceswere
included when they were directly relevant to lane keeping, parking assistance, ADAS evaluation, or
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simulation-based testing, and when they provided either measurable performance data, a clearly doc-
umented evaluation method, or established technical background relevant to the study. Peer-reviewed
publications from venues indexed in IEEE Xplore and ScienceDirect were prioritized, while Google
Scholar was used as a complementary search tool to identify additional relevant publications and tech-
nical documentation. Sources that only addressed peripheral topics, lacked documented evaluation
results, or did not contribute to the study’s evaluation dimensions were excluded from the primary
literature basis.

When explicit measures were available in the literature, these were used as direct support for the
selected simulation metrics. When exact measures are not publicly reported, the literature is instead
used to interpret howdocumented systembehavior can be operationalized intomeasurable simulation-
based metrics. The literature therefore functions as the conceptual and methodological basis for the
implementation and evaluation, rather than as a source for exact one-to-one industrial test criteria.
Peer-reviewed publications from IEEE Xplore and ScienceDirect were prioritized to ensure scientific
rigor. However, it should be noted that exact industrial test specifications and OEM validation criteria
are rarely published in open literature [9], which means that some reference values used in this study
may not reflect the strictest proprietary benchmarks applied in production vehicle development.

2.2 Simulation Environment and System Implementation

The simulation environment was built in Unreal Engine 5, where the vehicle, road environment,
parking spaces, obstacles, and scenario conditions were modeled in a controlled virtual setting. The
system logic was implemented in C++, and the simulation environment was used to observe and log
system behavior, sensor data, and control output.

Parking assistance

Theparking assistance implementationwas structured into separate functional components. The
target-handling logic located the parking target actor and provided the intended final pose. The park-
ing planner controlled the maneuver sequence through staging, entry, reverse correction, and final
approach phases. The sensor logic sampled directional parking sensors and summarized detections by
sector. The safety logic then used these sector summaries to trigger slowdown, braking, or corrective
action when obstacles were detected. Finally, the metric logger recorded final pose accuracy, lateral
jerk RMS, and obstacle response time for each completed run.

The current implementation includes the following main elements:

• The parking target was represented by an actor in the simulation environment. When an auto-
matic parking run was started, the system searched for the target actor and used its transform as
the reference for the intended final parking pose. This means that the study evaluates maneuver
execution toward a known target pose rather than full parking detection from raw sensor data.

• The system supports both left-side and right-side parking scenarios. The parking side was deter-
mined from the relative position between the vehicle and the target. In the final test setup, the
target was placed at an equal lateral distance on either side of the vehicle, which made the left
and right parking cases geometrically comparable.

• Sensor sampling was performed at a fixed rate of 15 Hz with a sensing range of 3.0 m. The sens-
ing layer used directional arrow components placed around the vehicle and tagged as parking
sensors.
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• Each sensor performed a sweep-based distance check in its forward direction. The readingswere
grouped into four sectors: front, rear, left, right. For each sector, the closest detected object and
the corresponding distance were stored. This structure was used to simplify obstacle interpreta-
tion and provide stable input to the control logic.

• The safety logic used the sector summaries to decidewhether the vehicle could continue the park-
ing maneuver or whether it should slow down, brake, or perform a corrective action. Slowdown
was triggered when an obstacle was detected within 0.60 m, emergency braking was triggered
at 0.20 m, and the emergency state was released when the distance increased above 0.25 m. The
separate release threshold was used to reduce unstable switching near the emergency boundary.

• The parking maneuver was controlled as a state-based process. After the target had been found
and locked, the vehiclemoved through a sequence of phases toward the target pose. These phases
included driving toward a staging position, entering toward the parking target, applying reverse
correction when required, and retrying the final approach after correction.

• Reverse correction was used when the system detected that the current vehicle pose or nearby
obstacles made a direct continuation toward the target unsuitable. This allowed the vehicle to
adjust its position during the maneuver instead of only stopping when the path became con-
strained.

• Vehicle control was applied through steering, throttle, brake, and handbrake commands to the
simulated vehicle movement component. The throttle was reduced as the vehicle approached
the target area, which allowed the final part of the maneuver to be performed at a lower speed
and with greater positional control.

• Each run logged the final vehicle pose in relation to the target parking pose. The accuracy-related
metrics were lateral error, longitudinal error, and yaw error. A positive lateral error indicated
that the vehicle ended to the right of the target, while a negative value indicated that it ended to
the left. A negative longitudinal error indicated that the vehicle stopped behind the target cen-
ter, while a positive value indicated that it stopped beyond it. Yaw error described the absolute
angular difference between the final vehicle orientation and the target orientation.

• The stability-related metric used in the final evaluation was lateral jerk RMS, recorded as
lateral_jerk_rms_m_s3. Lateral jerk RMS was used as an indicator of maneuver smooth-
ness. It was not used as a certification-level comfort or safety limit, but as a simulation-based
measure of how abruptly the vehicle’s lateral motion changed during the active parking maneu-
ver.

• Obstacle response time was used as the responsiveness-related metric. It measured the elapsed
time between an obstacle entering the response-relevant range and the first corresponding
safety-related system action, such as slowdown, braking, or initiation of a corrective maneu-
ver. The metric therefore describes the response time of the implemented parking assistance
logic, not isolated sensor latency.

Table 2.1: Parking assistance metrics used in the evaluation.

Dimension Metric Logged column Unit
Accuracy Lateral error lat_err_m m
Accuracy Longitudinal error long_err_m m
Accuracy Yaw error yaw_deg deg
Stability Lateral jerk RMS lateral_jerk_rms_m_s3 m/s3

Responsiveness Obstacle response time obstacle_response_time_s s
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The logged output from each run formed the basis for the later analysis of the parking assistance system.
The final dataset included start distance, parking side, run number, lateral error, longitudinal error,
yaw error, lateral jerk RMS, and obstacle response time. These values were used to evaluate the system
through the three performance dimensions used in the study: accuracy, stability, and responsiveness.

Figure 2.2: Layout of the parking assistance sensing system. Directional sensor components are placed
around the vehicle and grouped into four sectors: front, rear, left, and right. The arrows indicate the
sensing directions used for sector-based obstacle detection (Screenshot taken from Unreal Engine 5)

Lane keeping

The lane keeping implementationwas designed as a continuous lateral control function thatmon-
itors the vehicle’s position relative to the lane and generates corrective steering input when a deviation
is detected. The system consisted of four interconnected components: an automatic calibration proce-
dure, amulti-band camera-based lane detector, a proportional lateral controller with yaw feedforward,
and an adaptive output filter. Each component is described below.

Camera setup and image acquisition Lane detection was performed through a simulated forward-
facing scene-capture camera mounted on the vehicle. The camera rendered the road ahead to a
1280× 720 pixel render target. Pixel data were transferred from GPU memory to CPU memory once
every 50ms, corresponding to an update rate of 20Hz. The detection pipeline followed the general
structure of camera-based lane detection described by Mammeri et al., which consists of preprocess-
ing, detection, and tracking stages used to estimate the vehicle’s lateral offset relative to the lane center-
line [10]. In the present implementation, the preprocessing step was simplified to a direct brightness
evaluation: a pixel was classified as a lane marking candidate if the mean of its RGB channel values
exceeds a threshold of 120, as defined in Equation 2.1. This threshold is an implementation-specific
design choice tuned to the rendering conditions of the Unreal Engine 5 simulation environment and
is not derived from Mammeri et al.

c̄ =
R +G+B

3
> 120 (2.1)

whereR,G, andB are the individual channel values of a pixel (each in the range 0–255), and c̄ is
the mean brightness.

Automatic calibration Before lane keeping control becomes active, an automatic calibration proce-
dure was conducted to determine the lane geometry parameters required by the controller. When the
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system was enabled, a one-second delay was imposed before calibration begins, allowing the vehicle to
reach a stable driving speed. During this delay, the vehicle was driven at a target speed of 30 km/h with
no steering input applied, ensuring that the calibration is performed on a straight road section.

The calibration procedure then ran for 1.5 seconds, during which each processed frame con-
tributed measurements of the left and right lane edge positions. The near scan band (described below)
is used as the primary calibration source. If the near band yields no detections, the mid band is used
as a fallback and the measured width is scaled to the near-band equivalent using the perspective ratio
between two bands:

Wnear =
Wmid

0.61
(2.2)

where Wnear and Wmid are the estimated lane widths in pixels in the near and mid scan bands
respectively. The scaling factor 0.61 is an empirically determined ratio between the average detected
lane width in the mid scan band and the average detected lane width in the near scan band, observed
during calibration runs on a straight road segment in the Unreal Engine 5 simulation environment.
Under the camera mounting geometry and field of view used in this implementation, the mid band
consistently detects the lane as approximately 61% as wide as the near band due to perspective fore-
shortening. This ratio was used both to scale mid-band width measurements to near-band equivalents
during calibration (Equation 2.2) and to derive the band-specific half-widths used in single-edge center
estimation.

At the end of the calibration window, the following parameters are computed from the frame
averages and stored for use by the controller:

• xcal: the calibrated lane center position in pixels.

• Wlane: the estimated lane width in pixels.

• Hnear, Hmid, Hfar: the band-specific half-lane-widths derived fromWlane.

• cpx: the physical scale factor in cm per pixel, computed as cpx = Wreal/Wlane, where Wreal =
400 cm is the known lane width.

CSV metric logging is initiated only after calibration has successfully completed, ensuring that
all logged data reflects the fully calibrated system state. During the calibration window, the steering
output is held at zero and the vehicle speed is regulated to 30 km/h. Active lane keeping control and
CSV logging are both inhibited until the calibration procedure has completed.
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Figure 2.3: Startup and calibration sequence for the camera-based lane keeping system. Following
system enable, a one-second delay is imposed during which the vehicle is driven at 30 km/h with zero
steering. The automatic calibration procedure then runs for 1.5 s, during which lane edge positions are
measured each frame and averaged to compute the geometry parameters xcal, Wlane, Hnear, Hmid, Hfar,
and cpx. Active lane keeping control andCSV logging are both inhibited until calibration has completed.

Multi-band lane detection The image was divided into three horizontal scan bands at different
depths within the camera frame, as illustrated in Figure 2.4. The vertical extents of the bands were
defined as fixed fractions of the image heightH = 720 px:

• Near band: 68%–80%ofH - closest to the vehicle; lanemarkings are widest andmost accurately
located.

• Mid band: 52%–64%ofH - intermediate depth; markings are narrower due to perspective fore-
shortening.

• Far band: 36%–50% of H - furthest from the vehicle; used primarily for yaw feedforward in
curves.

Within each band, the detector scanned horizontally from the left image boundary inward to lo-
cate the first white pixel (left lane line) and from the right boundary inward to locate the first white
pixel (right lane line). Rows were sampled every four pixels vertically to reduce computational load.
The detected x-positions were averaged across all sampled rows within the band to produce a single
representative edge per side. In addition to the vertical extents, each band defines horizontal search
boundaries that constrain where the left and right edges are sought. These boundaries narrow pro-
gressively from the near band to the far band, reflecting the perspective convergence of lane markings
toward the horizon. The boundaries are summarized in Table 2.2.

Table 2.2: Horizontal search boundaries for left and right edge detection in each scan band, expressed
as percentages of the image widthW = 1280 px.

Band Left edge search zone Right edge search zone
Near 1%–30% ofW 70%–99% ofW
Mid 1%–40% ofW 60%–99% ofW
Far 1%–48% ofW 52%–99% ofW
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Figure 2.4: The three horizontal scan bands used by the camera-based lane detector within the 1280×
720 px camera frame. The near band (68–80% of image height) is used as the primary detection source.
Themid band (52–64%) serves as fallback. The far band (36–50%) provides the yaw feedforward signal.
Within each band, shaded zones indicate the horizontal search boundaries for the left and right edges,
and arrows show the inward scan direction. The vertical dashed line marks the calibrated lane center
xcal.

Band selection and edge estimation After scanning all three bands, the system selected the best
available detection using a fixed priority order, summarized in Table 2.3. Both edges from the near
band were preferred because they provide the highest geometric accuracy. If neither edge is found in
the near band, the mid band is tried, and finally the far band. When only one edge is found, the other
edge was estimated from the calibrated half-lane-widthHband of the active band.

Table 2.3: Detection priority order used to select the active band and edge configuration.

Priority Band Edges Half-width used
1 Near Both Hnear

2 Mid Both Hmid

3 Far Both Hfar

4 Near Right only Hnear

5 Mid Right only Hmid

6 Far Right only Hfar

7 Near Left only Hnear

8 Mid Left only Hmid

9 Far Left only Hfar

An outlier filter is applied after edge selection: if a detected edge position differs from the previ-
ous frame’s value by more than 500 pixels - corresponding to approximately 160 cm in 50ms, which is
not physically achievable - the detection is discarded and the previous value is retained.

Lateral error and steering control When both lane edges are detected, the lane center is computed
as the midpoint of the two edge positions, consistent with the lateral displacement formulation used in
lane keeping control [10, 11]:
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xmid =
xleft + xright

2
(2.3)

where xleft and xright are the detected pixel positions of the left and right lane edges respectively,
and xmid is the estimated lane center position in pixels.

The lateral error in pixels is then computed as the deviation of the estimated lane center from
the calibrated reference, following the standard lateral displacement error formulation used in lane
keeping systems [11, 12]:

ε = xmid − xcal (2.4)

where xcal is the calibrated lane center position determined during the startup calibration proce-
dure. A positive ε indicates that the vehicle is displaced to the right of the lane center; a negative value
indicates a displacement to the left.

When only one edge is available, the estimated lane center is computed from the detected edge
and the band-specific half-lane-width:

xmid =

{
xright −Hband if only right edge detected
xleft +Hband if only left edge detected

(2.5)

whereHband is the half-lane-width of the currently active scan band, derived from the calibrated
lane width Wlane. This fallback estimation reduces the control gain to KP × 0.85 to account for the
lower positional accuracy of a single-edge estimate.

Yaw feedforward In addition to the lateral error, the system computes a yaw feedforward term that
provides an early steering contribution when road curvature is detected in the far scan band, before
a significant lateral error has accumulated. The general principle of using a lookahead-based signal
to anticipate road geometry and reduce lag in the lateral response is documented in lane keeping lit-
erature [10, 11]; however, the specific formulation used here - computing the normalized difference
between the estimated lane center in the far band and the near band - is an implementation-specific
design choice. The yaw error is computed as:

ψerr = clamp
(
xmid,far − xmid,near

W/2
, −0.40, 0.40

)
(2.6)

whereW = 1280 px is the image width, xmid,far is the estimated lane center in the far scan band,
and xmid,near is the estimated lane center in the near scan band. A positive ψerr indicates that the road
curves to the right (the far-band center is shifted right relative to the near-band center) and a corre-
sponding right steering correction is generated. A deadband of 0.03 is applied to suppress noise on
straight roads: values of |ψerr| < 0.03 are set to zero. The yaw error is only computed when both a
near-band and a far-band center estimate are available. If either band yields no detection in the cur-
rent frame, ψerr is set to zero and the controller relies on the lateral error term alone.

Raw steering command The raw steering output combines the proportional lateral term and the
yaw feedforward term, following the general proportional lateral control structure used in camera-
based lane keeping systems [11, 12]. A deadband of 12 pixels (approximately 3.8 cm) is applied to the
lateral error: if |ε| ≤ 12 px and |ψerr| ≤ 0.05, no correction is generated, preventing the controller
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from reacting to pixel-level detection noise when the vehicle is already close to the lane center. When
at least one condition exceeds its threshold, the raw steering command is:

sraw = clamp
(

ε

W/2
·KP + ψerr ·KD, −1, 1

)
(2.7)

whereKP = 2.5 is the lateral proportional gain,KD = 0.50 is the yaw feedforward gain,W/2 is
the half image width used to normalize the pixel error to the range [−1, 1], and the output is clamped to
the normalized steering range [−1, 1]. When only one edge is detected, the proportional gain is reduced
to KP × 0.85 to account for the lower accuracy of a single-edge estimate. Table 2.4 summarizes the
gain values for each detection case.

Table 2.4: Effective lateral gainKP for each detection case.

Detection case EffectiveKP

Both edges detected 2.50
One edge only 2.50× 0.85 = 2.125
No edges detected — (hold mode)

When no edges are detected in any band, the system enters a hold mode: the previous smoothed
steering output is decayed by a factor of 0.88 per update cycle, and a reduced yaw feedforward contri-
bution of 30% of the full gain is retained:

sraw = sk−1 · 0.88 + ψerr ·KD · 0.30 (2.8)

where sk−1 is the smoothed steering output from the previous update cycle. This decay ensures
that the steering output gradually returns towardneutral rather than remaining fixedduring a detection
loss, reducing the risk of sustained directional bias.

Adaptive output smoothing All steering outputs pass through an adaptive first-order low-pass filter
before being forwarded to the vehicle. Theuse of output smoothing to reduce abrupt steering changes is
consistent with the general design principle of smooth steering transitions documented in lane keeping
assistance literature [11, 13]; however, the specific three-level adaptive coefficient structure described
here is an implementation-specific design choice. The smoothing coefficient α is selected based on
the magnitude of the lateral pixel error relative to the calibrated half-lane-width Hnear, as defined in
Equation 2.9:

sk = α · sk−1 + (1− α) · sraw, α =


0.40 if |ε| > 0.15 ·Hnear

0.50 if |ε| > 0.05 ·Hnear

0.80 otherwise
(2.9)

where sk is the smoothed steering output at the current time step, sk−1 is the smoothed output
from the previous time step, and sraw is the unfiltered raw steering command. A low α value (e.g. 0.40)
gives a fast response at large deviations such as curves, while a highα value (e.g. 0.80) produces a smooth
output when the vehicle is close to the lane center.

In addition, an anti-windupmechanismdecays the smoothedoutput toward zerowhen the lateral
error falls below 2% ofHnear, reducing residual oscillation on straight roads:

sk ← sk · 0.80 if |ε| < 0.02 ·Hnear (2.10)
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where the operator← denotes an in-place update applied after the low-pass filter step in Equa-
tion 2.9. This mechanism ensures that residual steering commands are suppressed when the vehicle is
well-centered, preventing sustained low-amplitude oscillation on straight road sections.

2.3 Experimental Procedure and Data Collection

The experimental part of the study consisted of repeated simulation-based test runs conducted
under controlled conditions. Parking assistance and lane keeping were tested separately, since they
represent different functional behaviors and require different scenario structures.

Parking assistance
For parking assistance, the test scenario was designed as an automatic parking maneuver from a fixed
start position to a defined parking target. The vehicle started in front of the parking area and the target
parking space was placed either to the right or to the left of the vehicle. Once the parking assistance
system was activated, the vehicle performed the maneuver autonomously until the run was completed
and the result values were logged.

The test setup was created to evaluate whether the implementation could produce consistent and
measurable output under repeated parking conditions. Three start distances were used: 10 m, 15 m,
and 20 m from the vehicle’s start position to the parking target. For each distance, two parking-side
caseswere tested. In the right-side case, the targetwas placed at a lateral offset of Y = 1000Unreal units,
and in the left-side case the target was placed at Y = -1000. This kept the lateral distances to the parking
target equal for both directions and allowed the results from left-side and right-side maneuvers to be
compared under the same geometric conditions.

Each combination of start distance and parking side was repeated ten times. This resulted in six
scenario groups and a total of 60 parking runs.

Table 2.5: Parking assistance scenario groups used in the simulation tests.

Scenario group Start distance Parking side Repetitions
PA-10R 10 m Right 10
PA-10L 10 m Left 10
PA-15R 15 m Right 10
PA-15L 15 m Left 10
PA-20R 20 m Right 10
PA-20L 20 m Left 10

The same initial vehicle pose, target placement, and obstacle layout were used within each sce-
nario group. Static obstacles were placed around the parking space to represent surrounding vehicles
and to prevent the system from reaching the target through an unrealistic or unconstrained path. These
obstacles were collision-enabled andwere included in all parking runs. Their purpose was not to create
a separate obstacle-avoidance experiment, but to make the parking scenario more representative of a
constrained parking environment.

During each run, result data were logged automatically by the parking assistance system. The
loggedoutput included the start distance, parking side, runnumber, final lateral error, final longitudinal
error, yaw error, lateral jerk RMS, and obstacle response time. The valueswere exported to spreadsheet
format and grouped by start distance and parking side. All completed runs were included in the final
dataset, and no run was removed as an outlier. Descriptive statistics were then calculated for each
metric and scenario group.
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The collected parking assistance data were organized according to the three performance dimen-
sions used in the study. Accuracy was represented by lateral error, longitudinal error, and yaw error.
Stability was represented by lateral jerk RMS and success rate. Responsiveness was represented by ob-
stacle response time. This structure allowed the same type of comparison to be made for each scenario
group while keeping the measured values directly connected to the purpose of the experiment.

Figure 2.5: Top-view of the parking assistance test setup in the simulation environment, showing the
target parking area, collision-enabled objects, vehicle position, and sensor range. (Screenshot taken
from Unreal Engine 5)

Lane Keeping
For lane keeping, the primary scenario consisted of driving along a straight road segment with the lane
keeping system active. To evaluate performance under more demanding conditions, additional sce-
narios with road curvature were included. Within the same scenario type, initial conditions such as
speed and starting alignment are kept constant to support comparability between repeated runs. Fol-
lowing successful calibration, the vehicle was driven at a constant target speed of 40 km/h throughout
each test run. Speed was regulated by a throttle controller with a tolerance of±2 km/h: full throttle is
applied when the vehicle is more than 2 km/h below the target, throttle is cut when more than 2 km/h
above, and a partial throttle of 0.3 is applied within the tolerance band to maintain steady-state speed.

During each run, the system logged one row of data per processed frame to a CSV file. The file
was opened only after the automatic calibration procedure has completed, ensuring that all logged data
reflects the fully calibrated system state. Each row contains the variables listed in Table 2.6.

The deviation flag IsDeviating is set to 1 when the absolute lateral error exceeds 15 cm. Cor-
rection response time ismeasured as the elapsed time from themoment the deviation flag is raised until
it falls again. These logged variables directly correspond to the accuracy, stability and responsiveness
metrics used in the evaluation presented in Chapter 4.

Metrics
The evaluation was organized around the three performance dimensions used throughout the study:
stability, accuracy, and responsiveness.

For parking assistance, the selected metrics are:

• lateral error

• longitudinal error
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Table 2.6: Variables recorded per frame in the lane keeping CSV log.

Variable Description Unit
Time_s Elapsed time since logging started s
LateralError_cm Signed lateral error cm
RawSteeringInput Steering command before smoothing –
IsDeviating 1 if |ε| > 15 cm –
SteeringRate Rate of change of steering output deg/s
J1_cumulative Cumulative comfort index J1 deg
OscFreq_Hz Oscillation frequency Hz
AvgLateralError_cm Running average lateral error cm
RMSLateralError_cm Running RMS lateral error cm
MaxLateralError_cm Maximum lateral error observed cm
AvgCorrectionTime_s Mean deviation event duration s
MaxCorrectionTime_s Maximum deviation event duration s

• yaw error

• lateral jerk RMS

• Success rate

• obstacle response time

For Lane keeping, the selected metrics are:

• mean lateral error

• maximum lateral error

• RMS lateral error

• steering input variation

• comfort index J1

• oscillation frequency

• correction response time

These metrics were either recorded directly during each run or derived from logged variables
during later processing.

2.4 Data Analysis

Thedata analysiswas conducted using a structured quantitative approach based on the simulation
output generated for parking assistance and lane keeping. The two functions were analyzed separately
due to differences in system behavior, test logic, and result structure. In the final stage of the analysis,
the findings from both functions are related to the overall purpose of the study.

For each function, repeated simulation runswere compiled into structured datasets for scenario-
based comparison. The analysis included all recorded runs in the final datasets. This made it possible
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to evaluate both the overall behavior of each function and the variation between repeated runs under
the same scenario conditions.

The parking assistance analysis was based on six logged metrics. These metrics were grouped
according to the three analytical dimensions: accuracy, stability and responsiveness.

For each metric and scenario group, descriptive statistics were calculated. The mean values were
used to show the overall tendency for each condition, while minimum, maximum, and standard devi-
ation were used to describe the spread between repeated runs. The signed values for lateral and longi-
tudinal error were kept in the analysis, since their direction was relevant to the final parking position.
Positive lateral error indicated that the vehicle ended to the right of the target, while negative lateral
error indicated that it ended to the left. Negative longitudinal error indicated that the vehicle stopped
behind the target center, while positive longitudinal error indicated that it passed beyond it.

The mean values were visualized through grouped bar charts, where the x-axis represented the
start distance and the two bars at each distance represented right-side and left-side parking. The cor-
responding descriptive statistics were presented in tables. This made it possible to show the general
pattern of the results in the figures, while still reporting the variation between repeated runs in numer-
ical form.

For lane keeping, the logged time-series data were processed to derive the selected performance
measures related to lateral position and steering correction. Repeated runs were analyzed per scenario
in order to identify both stable system behavior and recurring deviations.

The results were interpreted in relation to the three performance categories used in the study and
are visualized through tables, graphs, or similar summaries where appropriate. The simulation results
were then related to literature and documented system descriptions. Where comparable measures are
not explicitly reported, the results are instead interpreted in relation to documented functional char-
acteristics and expected system behavior. The comparison is therefore partly numerical and partly
analytical.

2.5 Validity, Reliability and Limitations

The credibility of the study depends on how well the design supports valid and reliable conclu-
sions. Since the work combines literature-based interpretation with simulation-generated data, both
methodological control and transparency are important.

Internal validity was supported by the use of controlled simulation scenarios with predefined pa-
rameters for environment, start conditions, and system settings. This reduces the risk that the observed
results are caused by uncontrolled external variation. The selected performancemeasureswere defined
before the experiments were conducted, which also reduces the risk of post-hoc interpretation.

External validity is more limited since the simulation environment necessarily simplifies aspects
of real-world driving. AlthoughUnreal Engine 5 provides a high level of controllability and realism, the
study does not reproduce all factors that affect real vehicle behavior, such as hardware imperfections,
full sensor uncertainty, weather variation, road surface irregularities, or complex traffic dynamics. The
results should therefore be interpreted as simulation-based indications rather than direct proof of real-
world performance.

Reliability was strengthened by the repeatability of the simulation environment. The same sce-
nario can be executed repeatedly under identical initial conditions, which makes it possible to verify
whether the system produces stable results across multiple runs. Reliability is also supported by docu-
menting the implementation, metrics, scenario design, and analysis procedure.
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A further limitation concerns the validation against literature. Exact industrial test metrics are
often not publicly available, particularly in manufacturer documentation. The study therefore com-
bines direct comparison where explicit measures exist with analytical interpretation where only func-
tional descriptions are available. The selected metrics should thus be understood as reasoned opera-
tionalization of documented systembehavior, rather than exact reproductions of proprietary industrial
validation procedures.

For parking assistance, a specific validity limitation is that the parking target was represented
by a known actor in the simulation environment. The study therefore evaluates maneuver execution
toward a predefined target pose rather than a complete parking-space detection pipeline based on raw
sensor data. In addition, the obstacles used in the parking tests were static and collision-enabled. This
supports repeatable evaluation and limited comparison between selected scenario parameters, but does
not represent dynamic road users, changing obstacle layouts, or unpredictable parking-lot behavior.

A further metric limitation concerns lateral jerk for the lane keeping system. Although UN Reg-
ulation No. 79 specifies a maximum permissible lateral jerk of 5 m/s3 for lane keeping assistance sys-
tems [13], lateral jerk was not directly logged in the lane keeping CSV output. The J1 comfort index
and steering standard deviation were used as proxy stability indicators instead. This means the regu-
latory jerk limit cannot be directly verified from the logged data, which represents a known limitation
of the current implementation. Future work should add per-frame lateral acceleration logging to en-
able direct jerk computation. A straightforward implementation would compute lateral acceleration
as the numerical second derivative of the lateral position signal, sampled at the existing 20 Hz update
rate, and log it as an additional column in the existing CSV output. This would enable direct verifica-
tion against the UN Regulation No. 79 maximum permissible lateral jerk of 5 m/s3 for lane keeping
assistance systems, as referenced in Hong et al. [13].

2.6 Considerations

This study raises scientific, technical, and societal considerations that are relevant both to the
research community and to the broader context of automated vehicle development.

From a scientific perspective, the use of simulation as a validation tool carries an inherent risk of
overconfidence. A simulation environment can generate clean, repeatable, and statistically consistent
data thatmay create an impression of system robustness that does not transfer to real-world conditions.
Hu et al. note that simulation environments may struggle to fully capture sensor uncertainty, real-
world traffic dynamics, and complex environmental interactions, and that the credibility of virtual
testing depends on how well the simulation environment reflects relevant aspects of the real system
and its operating context [9]. This study addresses this risk by explicitly limiting all conclusions to
the tested scenarios and by treating simulation as a complement to, rather than a replacement for,
physical validation. Transparency about the scope and limitations of the findings is therefore treated
as a scientific responsibility throughout this work.

From a societal and safety perspective, the development of automated driving functions directly
affects public road safety. Lane keeping and parking assistance are not purely technical constructs;
they interact with human drivers, pedestrians, and other road users in complex and sometimes un-
predictable ways. The present study did not involve human participants and does not require formal
ethical approval. However, there is an ethical responsibility to present the limitations of the simulation
results clearly and without overstating their implications for real-world system readiness. Utriainen
et al. show that lane keeping assistance has genuine safety potential - with up to 27% of fatal crashes in
certain categories potentially preventable - but only under conditions where lane markings are visible
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and other operational requirements are met [14]. This highlights that overstating simulation-based re-
sults could lead to premature confidence in systems that have not yet been demonstrated to meet those
operational conditions in real traffic environments.

From an economic and sustainability perspective, simulation-based testing can reduce the cost,
time, and environmental burden associated with extensive physical test campaigns in early develop-
ment phases. Drechsler et al. describe simulation-based testing as a complement to proving-ground
testing that can reduce the cost and risk of physical campaigns while allowing a broader range of sce-
narios to be evaluated [15]. This efficiency benefit is particularly relevant given the resource inten-
sity of automotive development programs, where prototype vehicles, proving-grounds, and extended
test durations represent significant investments. However, this efficiency advantage must be balanced
against the safety risks of insufficient physical validation. Simulation is therefore most valuable when
positioned as a targeted early-stage complement that narrows the scope of required physical testing
rather than replacing it entirely.
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3
Theoretical Framework

3.1 Simulation-based testing, verification and validation of auto-
mated driving functions

Simulation-based testing has become an important part of autonomous driving development be-
cause the complexity of ADAS and AD functions makes exclusive reliance on physical testing difficult
to scale. Research in this area describes simulation as a complementary testing and validation approach
that allows scenarios to be executed in a safe, repeatable, and controlled manner, while reducing the
cost and risk associated with proving-ground and real-world testing. At the same time, simulation is
not treated as a full replacement for physical verification, since the credibility of virtual testing depends
on how well the simulated environment reflects relevant aspects of the real system and its operating
context. [9] [15]

Within verification and validation, this means that simulation is most useful when it is under-
stood as part of a structured process rather than as evidence that is sufficient on its own. Recent work
on scenario-based and simulation-supported V&V emphasizes that automated driving functions must
be assessed through traceable links between requirements, implementation, test scenarios, and evalua-
tion criteria, especially because open traffic environments cannot be exhaustively covered by physical
testing alone. For studies such as the present one, the methodological value of simulation therefore
lies in enabling controlled comparisons of function behavior under reproducible conditions, while still
acknowledging that transferability to real-world behavior is limited by factors such as model fidelity,
sensing differences, and environmental abstraction. [9] [15] [5] The present study contributes to this
body of work by examining two specific ADAS functions, lane keeping and parking assistance, in a
steer-by-wire simulation environment built in Unreal Engine 5, thereby adding empirical simulation
data for these functions to the existing evidence base for simulation-supported validation of automated
driving behavior.

3.2 Positioning of the selected functions within ADAS

Lane keeping and parking assistance were selected in this study because they represent two
common but functionally different types of automated driving support within the broader ADAS do-
main. Lane keeping is primarily concerned with continuous lateral vehicle control during driving,
whereas parking assistance is concerned with low-speed maneuvering, obstacle awareness, and final
vehicle positioning in constrained spaces. Despite these differences, both functions rely on perception,
decision-making, and control, which makes them suitable as bounded case studies for examining how
simulation-based testing can be used to study behavior that is also described and evaluated in docu-
mented real-world contexts. [16, 17]
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3.3 Functional characteristics and assessment of lane keeping

Lane keeping can be understood as a continuous lateral control function in which the vehicle
must detect lane boundaries, estimate its position relative to the lane, and issue corrective steering
commands to maintain its trajectory within the lane. Unlike parking assistance, which involves dis-
crete low-speed maneuvers toward a fixed spatial target, lane keeping operates dynamically at driving
speed, where the system must respond continuously to changing road geometry and lateral deviations.
The function therefore integrates perception, state estimation, and closed-loop steering control into a
system that must perform reliably across varying road and traffic conditions[11, 13].

Perception and lane detection The perception stage is responsible for extracting lane boundary in-
formation and estimating the vehicle’s lateral state. Camera-based detection is the most widely used
approach, in which image frames are processed to identify lane markings. Mammeri et al. describe this
pipeline as consisting of preprocessing, detection, and tracking stages, where each stage contributes to
estimating the vehicle’s lateral offset relative to the lane centerline [10]. The present implementation
follows this general structure but uses a simplified approach: instead of image filtering or edge detec-
tion, the detector scans raw pixel brightness across three horizontal bands at different depths within
the camera frame - a near band (68-80% of image height), a mid band (52-64%), and a far band (36-50%)
- to locate the lateral positions of the left and right lane markings. The near band serves as the primary
detection source, the mid band as a fallback, and the far band provides a yaw feedforward signal for
curve anticipation, from which the vehicle’s lateral offset and steering correction are derived.

More advanced systems extend this foundation by fusing camera data with additional sources
such as radar, GPS, and digital road maps to improve robustness under challenging visibility condi-
tions, for example during adverse weather or when lane markings are partially obscured [18]. A key
challenge shared across perception approaches is distinguishing between intended and unintended lane
departures, so that the systemmust avoid issuing unnecessary corrections during deliberatemaneuvers
such as lane changes. Risack and Mohler address this by integrating driver behavior signals - including
blinker state, braking, and steering activity - to differentiate intentional departures from inattentive
drift, which is a prerequisite for acceptable system behavior in real traffic [19]. The present simula-
tion study does not model driver override behavior. All test runs are conducted with the lane keeping
system fully active and no manual steering input, which is noted as a limitation of the experimental
scope.

Control strategies Once the lateral state of the vehicle is estimated, a control algorithm determines
the corrective steering response. Two broad categories of approaches are found in the literature. The
first category encompasses model-based methods, in which a mathematical model of the vehicle’s lat-
eral dynamics is used to compute steering commands. Among these, model predictive control (MPC)
is frequently studied because it can manage multi-objective optimization, incorporate constraints, and
adapt its behavior based on an assessed measure of departure risk such as time-to-lane-crossing (TLC)
[13]. The second category includes data-driven approaches,most notably end-to-end learningmethods,
where a neural network is trained to directly map camera input to steering commands without explicit
intermediate steps [20]. In contrast to these more complex approaches, the present implementation
uses a proportional offset-based controller with first-order output smoothing (Equations 2.7 and 2.9),
which provides a transparent and deterministic baseline that is well suited for comparing simulation-
based results with documented system behavior [11]. An additional design consideration, particularly
relevant for shared steering systemswhere the driver and controller operate simultaneously, is how the
system transitions between different levels of intervention. Abrupt mode transitions can cause sudden
steering changes and lateral instability, which is why the design of smooth authority handover between
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driver and automated control is identified as an important requirement in recent work on lane keeping
assistance [13]. In the present system, the smoothing filter in Equation 2.9 serves this purpose within
the automated control loop.

Safety relevance andoperational conditions Lane keeping assistance has awell-documented safety
rationale. The function is primarily intended to prevent unintended lane departures, which represent
a significant category of fatal crashes involving head-on and single-vehicle collisions. Utriainen et al.
show through crash data analysis that a substantial portion of fatal crashes in this category could po-
tentially have been prevented by LKA systems operating under favorable conditions [14]. However,
the same study highlights that current LKA systems depend critically on the visibility of lane mark-
ings, which limits their operational range on roads with worn or snow-covered markings, in adverse
weather, or in urban environments with complex road geometries [14]. These constraints define the
conditions under which the function can be expected to perform and are therefore relevant when in-
terpreting results from any testing environment, including simulation. In this study all test runs are
conducted under ideal visibility conditions with clearly rendered lane markings, which is reflected in
the scope limitations described in Section 1.3.

Assessment dimensions Taken together, the literature suggests that lane keeping systems are most
meaningfully assessed through aspects that capture how accurately the vehicle is maintained near cen-
terline, how smoothly and consistently the steering control operates, and how quickly the system de-
tects and responds to a lateral departure. These three dimensions - accuracy, stability, and responsive-
ness - are consistently present across the reviewed studies, whether through explicit measurement or
through qualitative descriptions of system behavior, and form the conceptual basis for the evaluation
approach applied in the present study [11, 12, 13, 14].

3.4 Functional characteristics and assessment of parking assis-
tance

Parking assistance can be understood as a low-speed automated driving function in which the
vehicle must interpret the surrounding parking environment, relate its current pose to a target parking
pose, and execute a controlled maneuver within limited space. Unlike lane keeping, which is based
on continuous lateral control during forward driving, parking assistance is normally performed at low
speed and in close proximity to parked vehicles, boundaries, or other obstacles. The function therefore
combines perception, path or maneuver planning, trajectory tracking, and vehicle motion control in
order to reach a defined final parking position. [17, 21]

A central part of parking assistance evaluation is the final pose of the vehicle. Previous studies
describe automatic parking performance through the vehicle’s final position and orientation in rela-
tion to the intended parking space. This can be reported as parking posture, wheel-to-curb distance,
lateral tracking error, final position error, or final orientation error, depending on the test setup and
system design. In the present study, this functional aspect is represented by lateral error, longitudinal
error, and yaw error. These metrics describe whether the vehicle ended beside, beyond, or angularly
misaligned with the target parking pose. [17, 21, 22]

Parking assistance also requires controlled motion during the maneuver, not only successful
completion. A parking system may reach the target area but still behave in a way that is abrupt, un-
stable, or difficult to transfer to a real vehicle. Previous work on parking maneuver planning includes
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jerk as part of the vehicle control formulation, while broader automated vehicle research treats accel-
eration and jerk as motion-related variables connected to comfort and control quality. In simulation-
based evaluation of automated driving functions, RMS-based measures of acceleration and jerk have
also been used to summarize system behavior over a complete test sequence. In this study, lateral jerk
RMS is therefore used as the main stability-related metric for parking assistance, since it captures how
abruptly the vehicle’s lateral motion changes during the maneuver. [15, 22, 23]

Completion rate is also relevant when assessing parking assistance, but it describes a different
part of the system behavior. A completed parking maneuver indicates that the system was able to reach
and finish the task under the tested conditions. It does not, however, describe howsmoothor controlled
the maneuver was. For this reason, success rate is treated as a secondary outcome in the present study,
while lateral jerk RMS is used as the main metric for maneuver stability. This distinction is important
because previous work on perpendicular parking commonly reports successful completion and ma-
neuver efficiency, whereas the present simulation results also include a motion-smoothness measure.
[24]

Responsiveness is relevant because parking assistance operates in constrained environments
where obstacles may affect the maneuver. In such conditions, the system must be able to detect nearby
objects and respond throughwarning, braking, steering adjustment, or another safety-related interven-
tion. Research on low-speed autonomous obstacle avoidance describes supervisory control strategies
that intervene when collision risk increases. Related collision-avoidance work also evaluates warn-
ing response time as the interval between an obstacle entering a warning range and the system issuing
a warning. In the present study, this aspect is represented by obstacle response time, defined as the
time between an obstacle-related trigger and the corresponding system response during the parking
maneuver. [25, 26]

Taken together, parking assistance is assessed in this study through three functional aspects. Ac-
curacy concerns how close the vehicle ends to the intended parking pose. Stability concerns whether
the maneuver is completed with controlled and smooth motion, represented primarily by lateral jerk
RMS and secondarily by success rate. Responsiveness concerns how quickly the system reacts when
an obstacle-related condition requires a safety response. These aspects connect the implementation
metrics to documented evaluation principles in previous parking assistance and automated vehicle re-
search.

3.5 Analytical evaluation dimensions used in this study

Analytical evaluation dimensions are used in this study to create a common basis for comparing
simulation-based results across the two selected functions. Rather than evaluating lane keeping and
parking assistance only through function-specific implementation details, the study analyzes both sys-
tems through three shared performance dimensions: accuracy, stability, and responsiveness. This
approach is consistent with earlier work on ADAS and automated driving evaluation, where system
behavior is assessed through performance-oriented indicators and explicitly defined dimensions of in-
terest rather than through technical implementation alone. Previous literature has, for example, high-
lighted accuracy, response time, and robustness as central performance aspects in driver assistance
systems, while broader validation frameworks emphasize the use of clearly defined performance indi-
cators and acceptance criteria in the assessment of automated driving functions. [5, 16]

In the present study, accuracy refers to how closely the observed system outcome matches the
intended outcomes of the driving task. For lane keeping, this concerns how well the vehicle maintains
its intended lateral position within the lane during the driving scenario. For parking assistance, it
concerns how closely the vehicle reaches the desired final parked position and orientation in relation

32



to the parking space. Accuracy is therefore used as an analytical dimension for evaluating positional
correctness and target conformity in the simulation results. [17]

Stability refers to how consistently and controllably the system behaves during task execution.
For lane keeping, this includes whether the steering corrections remain smooth and predictable over
time and whether the vehicle avoids unnecessary oscillation or repeated deviation events. For parking
assistance, stability is represented primarily through lateral jerk RMS, since this metric captures vari-
ation in lateral motion during the maneuver. Completion rate is treated as a secondary outcome, since
it indicates whether the maneuver was completed but does not describe how smoothly it was executed.
In this study, stability is therefore used as an analytical dimension for interpreting the smoothness,
consistency, and control quality of the system behavior throughout the maneuver or driving sequence.
[13, 16, 24]

In addition to smoothness and completion, consistency across selected scenario variations can
be interpreted as a limited form of robustness. In this study, this concerns whether the parking as-
sistance system maintains comparable behavior when the start distance and parking side are varied,
while obstacle placement, target orientation, sensor configuration, and environmental conditions re-
main controlled.

Responsiveness refers to how quickly the system reacts when corrective action is required. For
lane keeping, this concerns the time between the onset of a detected deviation and the system’s cor-
rective steering response. For parking assistance, it concerns how quickly the system reacts when an
obstacle or other relevant parking-related event requires adjustment or intervention. This dimension
is included because timely reaction is essential for both functional effectiveness and practical safety in
automated driving functions. Earlier literature has similarly highlighted response time as an important
performance aspect in driver assistance systems. [16]

Together, these three dimensions provide a shared analytical framework for both selected func-
tions, while still allowing each function to be evaluated through metrics that reflect its specific opera-
tional characteristics. In this way, the study maintains a common structure for comparison across lane
keeping and parking assistance, while ensuring that the analysis remains sensitive to the functional
differences between continuous lane control and low-speed parking maneuvers.
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4
Results

4.1 Presentation of Collected Data

4.1.1 Lane Keeping – Existing Data from Literature

The following section presents documented performance results from previous research on lane
keeping systems. Results are presented factually and without interpretation, organized according to
the three performance dimensions used throughout this study: accuracy, stability, and responsiveness.
They serve as the reference basis for the comparative analysis in Section 4.1.3. Note that lateral error
values from Chen et al. are reported in meters; the simulation results in Section 4.1.2 are reported in
centimeters.

Accuracy Chen et al. evaluated three lane keeping controllers in a CarSim simulation on a curved
road under two conditions: acceleration on a low-friction surface (µ = 0.3) at 55–75 km/h with
nominal vehicle load and with vehicle load increased by 18% [12]. The reported RMS and maximum
lateral displacement errors are shown in Tables 4.1 and 4.2.

Table 4.1: Lateral displacement error for acceleration on a low-friction road surface (µ = 0.3), nominal
vehicle load. Source: Chen et al. [12], Table II, p. 925.

Controller RMS error (m) Max error (m)

MPC (conventional) 0.38 0.71
AMPCLTI 0.23 0.42
AMPCLTV 0.13 0.24
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Figure 4.1: Responses for acceleration test on low-friction road surface (µ = 0.3), showing vehicle
speed, steering angle, trajectory, and lateral displacement error for MPC, AMPCLTI, and AMPCLTV.
Source: Chen et al. [12], Figure 3, p. 925.

Table 4.2: Lateral displacement error for acceleration on a low-friction road surface (µ = 0.3), vehicle
load increased by 18%. Source: Chen et al. [12], Table III, p. 925.

Controller RMS error (m) Max error (m)

MPC (conventional) 0.36 0.82
AMPCLTI 0.23 0.53
AMPCLTV 0.12 0.22

Liu et al. validated a camera-based lane keeping system on a proving-ground test track at
100 km/h over a straight road of 3.5 km [11]. Lateral deviation from lane center remained within ap-
proximately±0.1m throughout the entire run, as reported in Figure 11 of that study.

Stability Hong et al. tested an MPC-based lane keeping assistance system on a straight road scenario
designed in accordance with the EuroNCAP test protocol, with the driver’s steering input fixed at zero
and an initial lateral velocity of 0.6m/s [13]. All tested controllers prevented lateral lane departure.
The proposed controller (Controller A) maintained lateral jerk values below 2m/s3 across all tested
conditions. The authors note that UN regulation No. 79 specifies a maximum permissible lateral jerk
of 5m/s3 for lane keeping assistance systems [13].

For curved road conditions, Hong et al. quantified performance using a driving comfort index J1
and a path-tracking index J2 across curve radii of R = 550m, 450m, 400m, and a clothoid path. A
lower J1 value indicates smoother controller output; a lower J2 value indicates better path-tracking
performance. The results are shown in Table 4.3 [13].

Liu et al. report that on the same 100 km/h straight-road test, the pendulumoscillation frequency
remained below 0.02Hz and lateral acceleration remained below 0.05G, which the authors describe
as indicating stable lane keeping control [11]. The system was configured to deactivate when road
curvature exceeds 1/250m−1 or lateral acceleration exceeded 0.2G [11].

35



Table 4.3: Driving comfort index J1 and path-tracking index J2 for Controllers A, B, and C across
different road curvature. Source: Hong et al. [13], Table 3, p. 73718

R = 550m R = 450m R = 400m Clothoid

Controller J1 J2 J1 J2 J1 J2 J1 J2

A (proposed) 1.37 0.37 0.40 2.28 0.42 1.68 1.68 0.43
B 1.12 0.94 4.38 0.88 8.29 0.78 2.82 0.97
C 2.48 0.98 6.03 0.84 9.72 0.79 4.59 0.94

Responsiveness Explicit numerical system response times are not consistently reported in the re-
viewed literature. Liu et al. describe the control unit as issuing a corrective torque command immedi-
ately upon detection of a lane departure [11]. Hong et al. report that a driver requires between 0.7 and
3.7 seconds to recognize a mode transition and safely assume control authority, a range that was used
in that study to define acceptable system transition timing [13]. Utriainen et al. analyzed 364 fatal head-
on and single-vehicle crashes and found that LKA could potentially have prevented 27% of them under
conditions where lane markings were fully visible and other operational requirements were met [14].
Lane marking visibility was identified as the primary limiting factor for LKA operation [14].

Summary of Reported Values Table 4.4 consolidates all key performance values from the reviewed
literature. It is structured to correspond directly to the simulation metrics reported in Section 4.1.2
and serves as the reference basis for Section 4.1.3.

Table 4.4: Reported lane keeping performance values fromprevious literature, organized by evaluation
dimension.

Dimension Metric Value Source

Accuracy RMS lateral error 0.13–0.38m (55–75 km/h) [12]
Accuracy Max lateral error 0.24–0.71m (55–75 km/h) [12]
Accuracy RMS lateral error 0.12–0.36m (load +18%) [12]
Accuracy Max lateral error 0.22–0.82m (load +18%) [12]
Accuracy Lateral deviation ≈±0.1m (100 km/h, 3.5 km) [11]

Stability Lateral jerk, Controller A < 2m/s3 (Euro NCAP) [13]
Stability UN Reg. 79 jerk limit 5m/s3 (max for LKAS) [13]
Stability Driving comfort index J1 0.40–1.68 (R = 550–400m) [13]
Stability Path-tracking index J2 0.37–2.28 (R = 550–400m) [13]
Stability Oscillation frequency < 0.02Hz (100 km/h, 3.5 km) [11]
Stability Lateral acceleration < 0.05G (100 km/h, 3.5 km) [11]
Stability LKS deactivation threshold Curvature > 1/250m−1 or lat.

accel.> 0.2G
[11]

Responsiveness System correction trigger Command upon departure [11]
Responsiveness Driver takeover time 0.7–3.7 s [13]
Responsiveness Operational condition LKA effective only with fully

visible lane markings; 27% of
fatal crashes potentially pre-
ventable

[14]
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4.1.2 Lane Keeping System

The lane keeping system was tested across three scenario types in the Unreal Engine 5 (UE5)
simulation environment: a straight road segment (LK-1), a right-curve road section (LK-2R), and a
left-curve road section (LK-2L). In all scenarios the vehicle was driven at a constant target speed of
40 km/h with the camera-based lane detection active throughout each run. Five repeated runs were
conducted per scenario type, giving a total of 15 runs. Results are presented per scenario across the
three performance dimensions used in the study: accuracy, stability, and responsiveness.

Accuracy Table 4.5 presents the accuracy metrics for all three scenarios. Mean lateral error is the
mean of |ε| across all logged frames per run. RMS lateral error is the root-mean-square of the signed
lateral error. Max lateral error is the largest absolute value observed during the run. The evaluated
maximum lateral error in Run 3 for LK-1 (72.51 cm) is attributed to a brief detection loss during which
the system operated in hold mode; the remaining four runs produced maximum errors in the range of
26.6-29.65 cm.

Table 4.5: Accuracy metrics for all three lane keeping scenarios, five runs each.

Scenario Run Mean lat. error (cm) RMS lat. error (cm) Max lat. error (cm)

LK-1 Straight

Run 1 6.56 8.05 26.60
Run 2 6.70 8.21 29.60
Run 3 6.88 8.88 72.51
Run 4 6.62 8.05 29.65
Run 5 6.80 8.28 29.32
Mean± SD 6.71± 0.12 8.29± 0.31 37.5± 17.5

LK-2R Right

Run 1 19.48 21.10 43.43
Run 2 19.45 21.13 44.29
Run 3 19.58 21.24 47.93
Run 4 19.41 21.10 41.15
Run 5 19.53 21.18 40.40
Mean± SD 19.49± 0.06 21.15± 0.05 43.4± 2.7

LK-2L Left

Run 1 18.13 20.26 56.81
Run 2 18.60 21.21 62.63
Run 3 18.07 20.34 56.09
Run 4 18.11 20.38 57.24
Run 5 18.27 20.54 62.06
Mean± SD 18.24± 0.19 20.55± 0.34 59.0± 2.8

Figure 4.2 shows the lateral error time-series for all runs across the three scenarios. For LK-1, the
error oscillates on both sides of the centerline with a signed mean close to zero throughout each run,
indicating no persistent directional bias. For LK-2R, the error remains consistently positive (vehicle
displaced to the right of center) throughout all runs. For LK-2L, the error remains consistently negative
(vehicle displaced to the left) throughout all runs. The shaded regions indicate deviation periods where
|ε| > 15 cm.
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Figure 4.2: Lateral error (cm) over time for LK-1 (left), LK-2R (center), and LK-2L (right), five runs
each. Shaded regions indicate active deviation periods (|ε| > 15 cm). Dashed line: centerline; dotted
lines: ±15 cm threshold.

Stability Table 4.6 presents the stability metrics for all three scenarios. Steering std dev is the stan-
dard deviation of the raw steering signal across all frames. J1 is the cumulative integral of |ṡ| over time,
where ṡ is the steering rate in deg/s; a lower value indicates smoother steering output. Oscillation fre-
quency is the mean number of |ε| > 15 cm threshold crossings per second. The oscillation frequency
of 0.000 Hz recorded across all LK-2R runs does not indicate a measurement error, but reflects that
the lateral error remained consistently above the 15 cm threshold throughout the curve segment; since
the vehicle never returned below this threshold during the curved section, no threshold crossings were
registered and the frequency metric therefore equals zero.

Table 4.6: Stability metrics for all three lane keeping scenarios, five runs each.

Scenario Run Steering std. dev J1 (deg) Dev. events Osc. freq. (Hz)

LK-1 Straight

Run 1 0.105 1307 30 1.071
Run 2 0.109 1374 27 1.286
Run 3 0.114 1384 28 1.036
Run 4 0.108 1350 19 1.000
Run 5 0.111 1385 29 1.000
Mean± SD 0.109± 0.003 1360± 29 26.6± 4.2 1.079± 0.107

LK-2R Right

Run 1 0.103 1691 91 0.000
Run 2 0.105 1702 97 0.000
Run 3 0.103 1668 97 0.000
Run 4 0.106 1732 100 0.000
Run 5 0.107 1693 95 0.000
Mean± SD 0.105± 0.002 1697± 21 96.0± 3.1 0.000± 0.000

LK-2L Left

Run 1 0.158 2331 87 0.063
Run 2 0.167 2337 81 0.813
Run 3 0.159 2300 92 0.125
Run 4 0.162 2343 87 0.375
Run 5 0.164 2312 90 0.125
Mean± SD 0.162± 0.003 2325± 16 87.4± 3.8 0.300± 0.278

The high standard deviation in oscillation frequency for LK-2L (0.300 ± 0.278 Hz) is primarily
driven by Run 2, which registered 0.813 Hz compared to 0.063–0.375 Hz in the remaining four runs.
This variation reflects that the controller intermittently crossed the±15 cm threshold at a higher rate
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during that particular run, likely due to the lateral error oscillating closer to the threshold boundary
during the left-curve section. The four remaining runs are consistent, and the elevated Run 2 value is
not considered representative of a systematic instability.

Figure 4.3 shows the steering input signal over time for all runs and scenarios.

Figure 4.3: Steering input (normalized, −1 to 1) over time for LK-1 (left), LK-2R (center), and LK-2L
(right), five runs each. Dashed line: neutral position.

Responsiveness Table 4.7 presents the correction response times for all three scenarios. Response
time is the duration of each individual deviation event, from when |ε| first exceeds 15 cm until it falls
back below that threshold.

Table 4.7: Responsiveness metrics for all three lane keeping scenarios, five runs each.

Scenario Run Dev. events Avg corr. time (s) Max corr. time (s)

LK-1 Straight

Run 1 30 0.058 0.150
Run 2 27 0.067 0.150
Run 3 28 0.064 0.150
Run 4 19 0.068 0.150
Run 5 29 0.057 0.100
Mean± SD 26.6± 4.2 0.063± 0.005 0.140± 0.020

LK-2R Right

Run 1 91 0.251 0.750
Run 2 97 0.231 0.650
Run 3 97 0.231 0.750
Run 4 100 0.222 0.750
Run 5 95 0.241 0.800
Mean± SD 96.0± 3.1 0.235± 0.010 0.740± 0.049

LK-2L Left

Run 1 87 0.255 0.900
Run 2 81 0.259 1.100
Run 3 92 0.231 1.050
Run 4 87 0.242 1.000
Run 5 90 0.237 1.100
Mean± SD 87.4± 3.8 0.244± 0.010 1.030± 0.075

Figure 4.4 shows the distribution of deviation event duration across all scenarios and runs. For
LK-1, events are short and concentrated below 0.15 s. For LK-2R and LK-2L, event durations are
longer and more dispersed, with LK-2L producing the highest maximum correction times across all
runs.
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Figure 4.4: Deviation event duration distribution for each lane keeping scenario, pooled across five
runs. Dashed lines: mean correction time; dotted lines: maximum correction time.

Cross-Scenario Summary Figure 4.5 shows the mean values across all three scenarios for each of
the six metrics. The individual run values are collected in Tables 4.5–4.7.

Figure 4.5: Cross-scenario comparison for LK-1, LK-2R, and LK-2L. Mean values across five runs are
shown for all six metrics. Error bars represent one standard deviation.

4.1.3 Lane Keeping - Analysis

The simulation results for the three lane keeping scenarios are analyzed in relation to the perfor-
mance dimensions used in this study - accuracy, stability and responsiveness - and compared with the
documented values reported in the literature (Section 4.1.1).
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Accuracy

On the straight road scenario (LK-1), the system produced a mean lateral error of 6.71 cm and an
RMS lateral error of 8.29 cm across five repeated runs. A direct numerical comparison with the values
reported by Chen et al. [12] - who report RMS errors of 0.12 - 0.38m - is not meaningful, because
the two studies operate under fundamentally different conditions: Chen et al. test on a curved road
under low-friction (µ = 0.3) with vehicle speeds of 55–75 km/h and a load increase of 18%, whereas
LK-1 is conducted on a straight road under ideal simulation conditions at 40 km/h. The lower error in
LK-1 is therefore an expected consequence of the less demanding test conditions rather than evidence
of superior control performance. The relevant observation is that the system behaves correctly under
favorable conditions, producing consistent lateral errors below 10 cm RMS across all five runs.

Liu et al. [11] reported lateral deviation remaining within approximately ±0.1m on a 3.5 km
straight-road proving ground run at 100 km/h. The LK-1 RMS error of 8.29 cm falls below this range,
which is consistent with expectations given the lower test speed (40 km/h versus 100 km/h): at lower
speeds the controller has more time per unit distance to issue corrective inputs, and the camera update
interval of 50ms represents a proportionally smaller lookahead distance. This comparison supports
the conclusion that LK-1 accuracy is plausible under simplified straight-road conditions, but does not
demonstrate performance at higher operating speeds.

For the curved scenarios LK-2R and LK-2L, mean lateral errors increased to 19.49 cm and
18.24 cm respectively, both exceeding the ±10 cm envelope reported by Liu et al. by a factor of ap-
proximately two. Critically, the lateral error in both curved scenarios shows a systematic directional off-
set rather than symmetric oscillation around the lane center: LK-2R consistently maintains a positive
(rightward) error throughout all five runs, while LK-2L consistently maintains a negative (leftward) er-
ror. This pattern indicates a steady-state offset introduced by the proportional controller, which lacks
an integrating term to eliminate persistent lateral displacement under constant road curvature. This
systematic offset constitutes a concrete design signal: a proportional-only controller is insufficient for
curved road conditions, and the simulation data directly motivates the adoption of a controller with an
integrating term or a model-predictive formulation [12, 13]. The simulation thus not only reveals the
limitation but provides a quantified basis - mean lateral errors of approximately 19–20 cm on curved
roads versus 8 cm on straight roads - for prioritizing controller selection in further development. The
yaw feedforward term in Equation 2.6 partially compensates for curve geometry but is insufficient
to eliminate the steady-state error entirely, which is a known limitation of proportional offset-based
control compared with model-predictive or adaptive controllers [12, 13].

Stability

The steering standard deviation for LK-1 (mean 0.109) is considerably lower than for LK-2L
(mean 0.162), confirming that the controller requires greater steering variation to handle left-curve
conditions. The cumulative J1 index increases from LK-1 (mean 1360 deg) to LK-2R (1697 deg) and
LK-2L (2325 deg), confirming that more cumulative steering work is required as road curvature in-
creases. This directional pattern is consistent with the findings of Hong et al. [13], who showed that
curved road sections require greater steering effort than straight sections, and that the comfort index
deteriorates as curvature radius decreases. A direct numerical comparison with the J1 values reported
by Hong et al. (0.40-1.68 across curve radii of 400-550m) is not possible, because Hong et al. com-
pute J1 over a fixed 3-second evaluation window under a specific Euro NCAP protocol, whereas this
present study accumulates J1 over complete run durations of approximately 25-32 s. The two metrics
are therefore incommensurable, and no normalization procedure can make them directly comparable
without introducing assumptions that are not supported by either study. The value of the J1 data in this
study lies in its relative comparison across the three scenarios - LK-2L requiring 71% more cumulative
steering work than LK-1 - rather than in any absolute comparison with published benchmarks.
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Regarding lateral jerk, Hong et al. report that their proposed controller maintained lateral jerk
below 2m/s3 under Euro NCAP conditions, and that UN Regulation No. 79 specifies a maximum per-
missible lateral jerk of 5m/s3 for lane keeping assistance systems [13]. The present implementation
does not directly log per-frame lateral acceleration for the lane keeping system; J1 and steering stan-
dard deviation are therefore used as proxy stability indicators. As noted in Section 2.5, this means
the UN Reg. 79 jerk limit cannot be directly verified from the logged data, which represents a known
limitation of the current implementation that should be addressed in future work.

Liu et al. reported a pendulum oscillation frequency below 0.02Hz on their 100 km/h straight-
road test [11]. The oscillation frequency metric in the present study records the number of times per
second that the absolute lateral error crossed the 15 cmdeviation threshold, which capturesminor con-
trol corrections rather than whole-vehicle body oscillation. These two metrics measure fundamentally
different phenomena and are not numerically comparable; no meaningful cross-study conclusion
can be drawn from the difference between 0.02Hz and 1.079Hz.

The more appropriate stability indicator from the present data is the steering standard deviation
(0.109 for LK-1), which quantifies the variability of the control signal independently of any threshold
definition. Combined with the absence of any sustained directional drift in the lateral error time series
(Figure 4.2), the low steering standard deviation supports the conclusion that the LK-1 system pro-
duces controlled, low-variation steering behavior on straight roads - a qualitative outcome consistent
with the stable straight-road behavior described by Liu et al. [11], even though no direct numerical
comparison is possible.

Responsiveness

On the straight-road scenario (LK-1), themean correction response timewas 0.063 s with amax-
imum of 0.140 s. These values represent the duration of deviation events - the elapsed time from when
|ε| first exceeds 15 cm until it returns below that threshold - rather than a system reaction delay in
the classical sense. The LK-1 correction times indicate that the proportional controller resolves mi-
nor straight-road deviations quickly, consistent with Liu et al.’s description of the control unit issuing
a corrective command immediately upon detection of lane departure [11]. An explicit numerical re-
sponse time is not reported by Liu et al., and no other reviewed source defines correction response
time in any equivalent way; a direct numerical cross-study comparison is therefore not possible for
this metric.

For LK-2R and LK-2L, mean correction times increased to 0.235 s and 0.244 s respectively, with
maximum correction times reaching 0.740 s and 1.030 s. These longer durations reflect the persistent
lateral offset caused by the steady-state error discussed in the accuracy analysis: once the vehicle enters
a curved segment and the lateral error exceeds 15 cm, the proportional controller reduces the error
slowly because the road continues to curve while the correction time of 1.030 s in LK-2L indicates
that under the most demanding left-curve conditions, the system requires approximately one second
to bring the lateral error back within the 15 cm threshold - a behavior that is directly attributed to the
absence of curvature anticipation beyond the yaw feedforward term.

Summary

The simulation-based lane keeping results show behavior that is consistent with the patterns de-
scribed in previous literature: straight-road performance is accurate and stable, while curve scenarios
introduce larger lateral deviations, higher cumulative steering work, and longer correction times. The
straight-road accuracy alignswith the lower end of the literature range [11, 12], which is expected given
the controlled, ideal-visibility conditions of the simulation. The curved scenarios reveal the known
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limitations of a proportional controller relative to model-predictive approaches [12, 13]. These obser-
vations support the conclusion that simulation-based testing can reproduce functionally relevant lane
keeping behavior and make performance boundaries visible in a structured and repeatable way, while
also confirming that the scope of the tested conditions affects which aspects of system behavior are
observable.

4.1.4 Parking Assistance - Existing Data from Literature

This section presents reported values and evaluation variables from previous work on automatic
parking, automated vehicle motion smoothness, and obstacle-related safety response. The results are
organized according to the same performance dimensions used for the simulation-based park assist
implementation: accuracy, stability, and responsiveness. Since the reviewed studies used different test
environments and metric definitions, the values are used as reference points rather than direct one-to-
one benchmarks for the later comparative analysis in Section 4.1.6.

Accuracy Accuracy-related results in previous automatic parking studies are mainly reported
through final vehicle position, tracking error, and final orientation. Duong et al. [21] reported a park-
ing space detection accuracy of 98%, amaximum lateral tracking error of 1.8 cm, a peak-to-peak lateral
error of 2.6 cm, a final position error below 2.5 cm, and a final orientation error below 5◦ in laboratory
testing. These values provide reference points for final parking accuracy and orientation accuracy.

Chai et al. [22] evaluated autonomous parking maneuver planning and control using process er-
ror and terminal error. The reported evaluation variables included process errors for the vehicle posi-
tion and orientation over the maneuver, together with terminal errors for final position and heading.
These variables are relevant to the lateral error, longitudinal error, and yaw error used in the simulation
results, although the coordinate definition and test setup differ from the present study.

Stability Stability-related results were selected based on motion smoothness and completed parking
behavior. Chai et al. [22] included jerk as part of the parking maneuver control formulation, where
the control variables consisted of steering rate and jerk. The same study limited jerk to 0.5 m/s3 in the
experimental setup. This provides a parking-specific reference for using jerk-related motion as part of
the stability evaluation.

Jerk is also used more generally in automated vehicle evaluation. De Winkel et al. [23] evaluated
acceleration and jerk as motion variables related to passenger comfort in automated vehicles, using
jerk levels between 0.5 m/s3 and 15 m/s3. In addition, Drechsler et al. [15] reported that Root Mean
Square Deviation of acceleration and RootMean Square Deviation of jerk have been used as evaluation
variables for automated driving function performance. These references support the use of lateral jerk
RMS as the main stability-related metric in the present simulation results.

Completion rate is included as a secondary stability-related reference point. For perpendicular
parking scenarios, Sedighi et al. [24] reported more than 95% successful parking in heavy traffic flow
conditions. The same study also reported success ratios of 100%, 95%, and 97% for wide, normal, and
narrow perpendicular parking cases, respectively. These values are used only as completion-related
reference points, while lateral jerk RMS remains the main stability metric for the present study.

Responsiveness Responsiveness-related referenceswere selected based onobstacle detection, warn-
ing, and control intervention. Chen et al. [25] evaluated obstacle avoidance for low-speed autonomous
vehicles using a supervisory controller thatmodifies the navigation input when collision risk increases.
In 1000 simulation trials, the proposed polar method resulted in zero collisions, 25 stuck trips, and an
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average completion time of 10.8 s. The comparison methods reported zero collision and 171 stuck
trips for the Hamilton–Jacobi method, and 436 collisions for the potential field method. These results
provide a reference for obstacle-related safety behavior in low-speed autonomous motion.

A response-time-related referencewas reported byWang et al. [26]. This study definedwarning
time as the time interval from when an obstacle enters the warning range to when the system issues
a warning, and used the average response time as the evaluation result. This definition is close to the
obstacle response time used in the present study, although the system context differs from automatic
parking.

Since the reviewed studies use different vehicles, environments, parking geometries, and evalu-
ation definitions, the reported values are used as contextual reference points rather than direct bench-
mark thresholds for the simulation results in this study.

4.1.5 Park Assist System

The collected results are presented according to the three performance dimensions used in the
study: accuracy, stability, and responsiveness. Accuracy was represented by lateral error, longitudinal
error, and yaw error. Stability was represented by lateral jerk RMS and success rate. Responsiveness
was represented by obstacle response time. The figures show mean values for each start distance and
parking side, while the tables present descriptive statistics for the repeated runs.

Accuracy Accuracy metrics were recorded at the end of each parking maneuver. Lateral error de-
scribes the final side displacement relative to the target parking pose. Positive values indicate that the
vehicle ended to the right of the target, while negative values indicate that it ended to the left. Lon-
gitudinal error describes the final displacement in the forward direction relative to the target center.
Negative values indicate that the vehicle stopped behind the target center, while positive values indi-
cate that it passed beyond it. Yaw error describes the angular difference between the vehicle’s final
orientation and the target orientation.

Figure 4.6: Mean lateral error for right-side and left-side parking maneuvers at start distances of 10 m,
15 m, and 20 m. Each mean value is based on ten repeated simulation runs.
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Table 4.8: Descriptive statistics for lateral error (m).

Distance (m) Side Min Max Mean SD

10 Right 0.021 0.132 0.077 0.057
10 Left -0.083 -0.080 -0.082 0.001
15 Right -0.038 -0.018 -0.028 0.006
15 Left 0.026 0.032 0.030 0.002
20 Right -0.106 -0.096 -0.104 0.004
20 Left 0.099 0.102 0.101 0.001

Figure 4.7: Mean longitudinal error for right-side and left-side parking maneuvers at start distances of
10 m, 15 m, and 20 m. Each mean value is based on ten repeated simulation runs.

Table 4.9: Descriptive statistics for longitudinal error (m).

Distance (m) Side Min Max Mean SD

10 Right -0.416 -0.214 -0.315 0.101
10 Left -0.248 -0.227 -0.238 0.006
15 Right -0.293 -0.198 -0.261 0.031
15 Left -0.286 -0.201 -0.231 0.035
20 Right -0.319 -0.280 -0.299 0.012
20 Left -0.289 -0.277 -0.286 0.004
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Figure 4.8: Mean yaw error for right-side and left-side parking maneuvers at start distances of 10 m,
15 m, and 20 m. Each mean value is based on ten repeated simulation runs.

Table 4.10: Descriptive statistics for yaw error (deg).

Distance (m) Side Min Max Mean SD

10 Right 5.885 7.804 6.857 0.980
10 Left 5.620 6.243 5.960 0.156
15 Right 0.124 2.107 0.905 0.586
15 Left 0.293 1.032 0.537 0.280
20 Right 5.719 7.111 6.811 0.419
20 Left 6.754 6.965 6.865 0.072

Stability Stability was evaluated using lateral jerk RMS. This metric describes variation in lateral
motion during the parking maneuver and was logged in m/s3. Lower values indicate smaller changes
in lateral acceleration during the maneuver.

Figure 4.9: Mean lateral jerk RMS for right-side and left-side parking maneuvers at start distances of
10 m, 15 m, and 20 m. Each mean value is based on ten repeated simulation runs.
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Table 4.11: Descriptive statistics for lateral jerk RMS (m/s3).

Distance (m) Side Min Max Mean SD

10 Right 3.506 4.040 3.778 0.272
10 Left 3.640 3.760 3.662 0.035
15 Right 3.616 3.775 3.678 0.056
15 Left 3.608 3.713 3.628 0.030
20 Right 3.659 4.139 3.985 0.128
20 Left 3.970 3.997 3.991 0.008

In addition to lateral jerk RMS, success rate was used as a secondary stability-related indicator.
Success rate indicates whether the maneuver was completed within the implementation-specific com-
pletion criteria. In this study, a completed run refers to a maneuver that reached the implementation’s
internal completion condition and produced a final metric log; it should not be interpreted as compli-
ance with an external production-vehicle parking standard.

Table 4.12: Parking maneuver success rate across all repeated simulation runs.

Metric Result

Total runs 60
Completed runs 60
Failed runs 0
Success rate 100%

Responsiveness Responsiveness was evaluated using obstacle response time. The metric describes
the time between an obstacle-related trigger and the corresponding system response during the parking
maneuver.

Figure 4.10: Mean obstacle response time for right-side and left-side parking maneuvers at start dis-
tances of 10 m, 15 m, and 20 m. Each mean value is based on ten repeated simulation runs.
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Table 4.13: Descriptive statistics for obstacle response time (s).

Distance (m) Side Min Max Mean SD

10 Right 0.182 0.319 0.243 0.054
10 Left 0.208 0.264 0.230 0.019
15 Right 0.162 0.269 0.209 0.037
15 Left 0.150 0.275 0.204 0.045
20 Right 0.201 0.335 0.252 0.037
20 Left 0.226 0.261 0.245 0.011

Across all parking assistance scenarios, all 60 runs were completed successfully. The lowest final
pose errors were observed at the 15 m start distance, especially for yaw error. The 10 m and 20 m cases
showed larger yaw errors, while longitudinal error was negative in all scenario groups, indicating that
the vehicle consistently stopped behind the target center. Lateral jerk RMS and obstacle response time
remained relatively consistent across the tested scenarios.

4.1.6 Parking Assistance - Analysis

Park Assist The park assist results were analyzed in relation to the three evaluation dimensions used
in this study: accuracy, stability, and responsiveness. The comparisonwith previouswork is not treated
as a direct benchmark, since the reviewed studies use different parking scenarios, vehicle models, and
measurement definitions. Instead, the literature values are used as functional reference points for as-
sessingwhether the simulated system shows behavior that is relevant for automatic parking evaluation.

Accuracy. The accuracy results indicate that the implemented parking assistance system completed
the front-first perpendicular parking maneuver in all tested scenario groups, but that the quality of
the final pose was scenario-dependent. Since the system used a known target actor as the parking
reference, the results represent maneuver-execution accuracy rather than full parking-space detection
accuracy.

The strongest final pose accuracy was observed at the 15 m start distance, where the mean lateral
errors were −0.028 m and 0.030 m, and the mean yaw errors were 0.905◦ and 0.537◦. This suggests
that the implemented staging, entry and final approach logic was best suited to this approach distance.
At 10 m, the approach distance is too short for the full staging sequence to execute correctly, which
increases the final yaw error. At 20 m, accumulated path deviation before the final approach phase
has a similar effect, producing comparable yaw errors to the 10 m case despite the longer available
path. In relation to previous parking studies, the angular accuracy in the 15 m case is comparable to
reported final orientation errors below 5◦, while the lateral position is only slightly outside the reported
final position reference below 2.5 cm. However, this comparison should be interpreted as a structural
reference rather than proof of equivalent real-world performance, since the test environments and
measurement definitions differ.

The 10 m and 20 m cases show that task completion alone is not sufficient to describe parking
accuracy. Although all runs were completedwithin the simulation-specific acceptance criteria, the yaw
errors were close to 6 − 7◦. In a real parking situation, this type of final orientation error could still
require correction, even if the vehicle technically reached the parking space. This indicates that the
system was able to complete the maneuver across the tested start distances, but the final alignment was
sensitive to the scenario.

The consistently negative longitudinal error, withmean values between approximately−0.231m
and−0.315m, is the clearest accuracy limitation. It shows a systematic stopping bias where the vehicle
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repeatedly stopped behind the target center. From a validation perspective, this is a useful finding
because it points to a repeatable weakness in the stopping logic, target tolerance, or final approach
behavior. It also shows why success rate must be interpreted together with final pose error rather than
as a standalone measure of parking quality.

Across the six scenario groups, the results provide a limited indication of robustness across start
distance and parking side. The system was not dependent on a single parking direction or start dis-
tance, since all runs were completed. However, the variation in yaw error shows that the quality of the
final pose was not equally robust across all tested cases. The simulation therefore supports early-stage
evaluation by revealing repeatable behavior and control limitations, but it does not validate real-world
parking performance.

Stability. The system completed all 60 parking runs, which indicates strong repeatability under the
selected simulation conditions. However, success rate only shows that the maneuver reached the de-
fined acceptance criteria; it does not show whether the maneuver was smooth or suitable for a real
vehicle. For this reason, lateral jerk RMS is the more relevant stability metric for evaluating motion
quality.

The mean lateral jerk RMS values ranged from 3.628 and 3.991m/s3. This indicates that the sys-
tem produced relatively consistent lateral motion across the tested scenarios, but the values are higher
than the stricter parking-specific jerk reference reported in previous work. Therefore, the results sug-
gest that the maneuver was repeatable, but not necessarily comfort-optimized.

The highest jerk values occurred in the 20 m scenarios, which suggests that longer approach dis-
tances introduced more lateral motion variation before the final parking pose was reached. In a real
parking system, this would be relevant because abrupt lateral motion may affect passenger comfort,
control smoothness, and perceived system quality, even if the vehicle successfully reaches the parking
space.

Overall, the stability results show that the implemented parking assistance logic behaved consis-
tently under controlled simulation conditions. However, they do not justify a claim that the maneuver
would be comfortable, production-ready, or directly transferable to a real vehicle without further test-
ing that includes physical vehicle dynamics, actuator delay, and sensor uncertainty.

Responsiveness. Responsiveness was evaluated through obstacle response time, defined as the time
between an obstacle-related trigger and the corresponding safety-related system response. The mean
response times were close across all scenario groups, ranging from 0.204 s to 0.252 s. This indicates
that the sensor and safety logic produced a consistent response pattern across the tested start distances
and parking sides.

Compared with the accuracy results, the responsiveness was less affected by scenario variation.
While final pose accuracy differed between the 10, 15, and 20 m cases, the obstacle response time re-
mained relatively stable. This suggests that the obstacle-related decision logic was not strongly depen-
dent on parking side or approach distance under the tested conditions.

However, the metric should be interpreted as the response time of the implemented simulation
logic, not as physical sensor or actuator latency. In a real parking system, sensor noise, processing delay,
actuator response, and environmental variation could affect howquickly the vehicle reacts to obstacles.
The result therefore supports that the implemented logic responds consistently in simulation, but it
does not validate real-world obstacle response performance.
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5
Discussion

This chapter discusses the results in relation to the purpose and research questions. The dis-
cussion focuses on how simulation-based results contribute to understanding the evaluation of lane
keeping and parking assistance, while also considering the methodological limitation of the study.

RQ1: Howare lanekeeping andparking assistance assessed inprevious research anddocumented
real-world testing, and which evaluation aspects are relevant for simulation-based assessment?
Previous research and documented testing show that both lane keeping and parking assistance should
be assessed through function-oriented performance measures rather than only through the technical
structure of the implementation. For both functions, the dimensions of accuracy, stability, and re-
sponsiveness are relevant because they describe how well the system reaches its intended behavior,
how consistently this behavior is maintained, and how quickly the system reacts when correction is
required. For lane keeping, accuracy is mainly related to lateral deviation from the lane center, while
parking assistance is evaluated through the final position and orientation in relation to the parking tar-
get. Stability is relevant in both cases because it showswhether the function behaves in a controlled and
repeatable way over time, for example through steering variation, deviation events, or jerk. Respon-
siveness is also important because both lane keeping corrections and obstacle handling during parking
require timely system reactions. Based on this, RQ1 can be answered by stating that lane keeping and
parking assistance can be assessed using the same overall performance dimensions, but with function-
specific metrics that reflect their different operational tasks.

RQ2: How can lane keeping and parking assistance be represented, implemented, and tested in a
simulation-based environment? This study showed that both lane keeping and parking assistance
can be represented in a simulation-based environment by translating their functional behavior into
measurable scenarios in Unreal Engine 5. Lane keeping was represented as a continuous lateral con-
trol function using camera-based lane detection, calibration, steering correction, and logging of lateral
deviation, steering behavior, and correction time. Parking assistance was represented as a low-speed
maneuvering function where the vehicle was required to reach a defined target pose while sensors and
safety logic handled obstacles and corrective movements. The main purpose of the implementation
was not to reproduce a complete industrial ADAS system, but to create a controlled and repeatable
environment where both functions could be evaluated through the same analytical framework. The
repeated tests showed that the simulation made it possible to collect comparable data for both func-
tions under controlled conditions. At the same time, the implementation also shows a clear limitation.
Since vehicle dynamics, sensor uncertainty, hardware latency, actuator behavior, and production-level
control logic were not modeled as one-to-one representations of real vehicles, the simulation should
be understood as a simplified but useful functional model. Therefore, RQ2 can be answered by stating
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that both functions could be implemented and tested in simulation through scenario-based, repeatable,
and measurable function models, but that the credibility of the results increases as the implementation
more closely reflects real system architectures and physical limitations.

RQ3: How do simulation-based test results for lane keeping and parking assistance relate to
findings from previous research and documented real-world test results in terms of accuracy,
stability, and responsiveness? The simulation-based results showed that both lane keeping and
parking assistance produced results that are possible to compare to previous research, but the
comparison must be interpreted with caution. For lane keeping, the RMS lateral error was 8.29 cm
in the straight scenario and approximately 20-21 cm in the curved scenarios, which places the results
within the same general range as several reported values for lateral error in the literature. However,
the curved scenarios also showed a more systematic lateral offset, which indicates that the control
logic was functional but did not fully compensate for more demanding lane geometry. For parking
assistance, the strongest results were achieved at the 15 m start distance, where lateral error was
approximately ±3 cm and the yaw error remained below 1◦, while the 10 m and 20 m start distances
produced larger yaw errors of about 6− 7◦. This showed that the simulation was able to identify both
stronger and weaker parts of the system behavior. The stability results also show a mixed outcome:
lane keeping was more stable in the straight road than in curves, while parking assistance completed
all 60 runs but produced lateral jerk RMS values of approximately 3.6-4.0 m/s³, indicating repeatable
but not necessarily comfort-optimized motion. Responsiveness was the strongest dimension in
the results, with lane keeping correction times of approximately 0.063 s on the straight road and
0.235-0.244 s in the curved scenarios, as well as park assist obstacle response time between 0.204 and
0.252 s. Overall, these results indicate that the simulation provides credible indications of functional
behavior and can support comparison with previous research. However, the results are not sufficient
to claim real-world performance, since transferability is affected by factors such as sensor fidelity,
actuator delay, tire-road interaction, traffic variation, and how closely the implementation matches
real vehicle systems. Therefore, RQ3 can be answered by stating that simulation-based testing in this
study works as a credible complement to analyze accuracy, stability, and responsiveness, but not as a
replacement for physical validation or proving-ground testing.

Taken together, the three research questions reveal a broader methodological implication for
how simulation should be used in the validation of ADAS functions. The results show that the three
evaluation dimensions did not behave uniformly across the tested conditions: responsiveness was the
most consistent dimension, showing low variation across different scenarios and start distances for
both lane keeping and parking assistance, while accuracy and stability were more sensitive to the spe-
cific test conditions [11, 13, 15]. This pattern suggests that simulation may be most reliable as an early-
stage validation tool for response-time-related behaviors, where the repeatability and controlled con-
ditions of the simulation environment provide the strongest analytical advantages. Accuracy validation
under more demanding conditions - such as curved roads [12, 13] or varied parking geometry [21, 22] -
benefits more from higher-fidelity physical models or complementary real-world testing. This distinc-
tion has practical implications for how simulation should be positionedwithin a development pipeline:
not as a uniform substitute for physical testing across all evaluation dimensions [9, 15], but as a targeted
complement whose credibility varies by functional aspect and scenario type. Among the comparisons
made in this study, the strongest alignment was observed for parking accuracy at the 15 m start dis-
tance, where the mean lateral error of approximately ±3 cm and yaw error below 1◦ are consistent
with the final position and orientation references reported by Duong et al. [21]. The weakest compara-
bility applies to the cumulative J1 comfort index for lane keeping, which cannot be directly compared
with the values reported by Hong et al. [13] due to fundamentally different evaluation windows - ap-
proximately 25–32 s in the present study versus a fixed 3-second Euro NCAP protocol window in that
work.
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6
Conclusion and Further Research

6.1 Conclusions

This study investigated whether simulation-based testing can be used to evaluate selected auto-
mated driving functions. By implementing and testing lane keeping and parking assistance in Unreal
Engine 5, the study shows that simulation can provide structured and repeatable data for evaluating
functional behavior in terms of accuracy, stability, and responsiveness.

The results indicate that both selected functions can be represented and tested in a simulation-
based environment. Lane keeping could be evaluated through lateral deviation and control behavior,
while parking assistance could be evaluated through final positioning, orientation, motion stability,
and obstacle response. This shows that the three research questions have been answered within the
scope of the study: relevant evaluation aspects were identified, the functions were implemented and
tested in simulation, and the resultswere compared to findings and evaluation principles fromprevious
research.

The main conclusion is that simulation-based testing is useful as an early-stage complement for
assessing selected ADAS functions. The simulation environment made it possible to test the functions
under controlled and repeatable conditions and to identify both strengths and weaknesses in their be-
havior. However, the results should not be interpreted as proof of real-world vehicle performance.
Since the study did not include physical vehicle tests and used simplified models of sensors, vehicle
dynamics, and environmental variation, simulation cannot replace physical validation.

Overall, the study supports the use of simulation as a complementary validation approach for
early functional evaluation, but further real-world testing and higher-fidelity simulation models are
required before stronger conclusions about real-world reliability can be made.

6.2 Further Research

Several directions for further research are identified based on the limitations and findings of this
study.

First, the lane keeping implementation should be extended with per-frame lateral acceleration
logging to enable direct verification against the UN Regulation No. 79 lateral jerk limit of 5m/s3 [13].
The current implementation uses J1 and steering standard deviation as proxy stability indicators, but
these cannot replace a direct regulatory compliance check. Adding lateral acceleration logging at the
existing 20 Hz sampling rate would close this gap without requiring changes to the overall system
architecture.

52



Second, the parking assistance system should be evaluated using a full parking-space detection
pipeline based on raw sensor data, rather than a predefined target actor. The current implementation
evaluatesmaneuver execution toward a knownpose, which removes the detection uncertainty inherent
in real parking scenarios. Replacing the target actor with a sensor-based space detection approach
would make the accuracy and responsiveness results more directly comparable to documented real-
world systems [17, 21].

Third, both functions should be tested under degraded, adverse, and failure-oriented conditions.
For lane keeping, this includes scenarios with reduced lane marking visibility, as Utriainen et al. [14]
identify lane marking visibility as the primary limiting factor for LKA operation in real traffic. In addi-
tion, future tests should include smaller curve radii, higher vehicle speeds, interrupted lane markings,
and lower-contrast lane boundaries. These scenarios would make it possible to identify at what point
the proportional controller and yaw feedforward approach are no longer sufficient to keep the vehicle
within an acceptable lateral error range.

For parking assistance, future testing should include dynamic obstacles, varied obstacle layouts,
narrower parking spaces, stricter final pose tolerances, and noisy or fluctuating target coordinates.
The current implementation completed all tested runs, but the scenarios were intentionally controlled.
Failure-oriented test cases would therefore help determine whether the system fails gradually through
increasing pose error, oscillatory correction behavior, delayed obstacle response, or complete inability
to complete the maneuver. Testing under these conditions would reveal the performance boundaries
of the simulation-based approach and identify which failure modes are detectable in simulation before
physical testing is conducted.

Fourth, higher-fidelity vehicle dynamicsmodels should be incorporated into the simulation envi-
ronment. The current implementation does not model tire-road interactions, actuator delay, or sensor
noise with full physical accuracy. Introducing these elements would reduce the simulation-to-real gap
and improve the transferability of results to physical vehicles, making the simulation more useful as a
complement to proving-ground testing [9, 15].

Fifth, the evaluation framework developed in this study - using accuracy, stability, and respon-
siveness as shared analytical dimensions across different ADAS functions - could be applied to other
functions such as adaptive cruise control or emergency braking [16]. Testing its generalizability across
a broader set of functions would strengthen the case for simulation-based functional validation as a
structured and repeatable approach in automotive development.
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