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Abstract: Computer vision is one of the key technologies of advanced driver assistance
systems (ADAS), but the incorporation of a vision-based driver assistance system (still)
poses a great challenge due to the special characteristics of the algorithms, the neural
network architecture, the constraints, and the strict hardware/software requirements that
need to be met. The aim of this study is to show the influence of image resolution in
traffic lane detection using a virtual dataset from virtual simulation environment (CARLA)
combined with a real dataset (TuSimple), considering four performance parameters: Mean
Intersection over Union (mloU), F1 precision score, Inference time, and processed frames
per second (FPS). By using a convolutional neural network (U-Net) specifically designed
for image segmentation tasks, the impact of different input image resolutions (512 x 256,
640 x 320, and 1024 x 512) on the efficiency of traffic line detection and on computational
efficiency was analyzed and presented. Results indicate that a resolution of 512 x 256
yields the best trade-off, offering high mIoU and F1 scores while maintaining real-time
processing speeds on a standard CPU. A key contribution of this work is the demonstration
that combining synthetic and real datasets enhances model performance, especially when
real data is limited. The novelty of this study lies in its dual analysis of simulation-
based data and image resolution as key factors in training effective lane detection systems.
These findings support the use of synthetic environments in training neural networks for
autonomous driving applications.
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1. Introduction

According to the World Health Organization, nearly one-third of the global population
will reside in cities by 2030, resulting in many new challenges in urban areas, especially
in transportation. Recognizing this challenge, the European Commission released the
Transport White Paper in 2011 [1], highlighting the need for innovative mobility solutions
to ensure sustainability and safety in transportation. In terms of safety, the paper set a
goal to reduce the number of fatalities caused by road accidents in the EU by half between
2010 and 2020. Despite this, over 25,700 people lost their lives on EU roads in 2014 alone,
with many of these accidents attributed to improper driver behavior. Furthermore, the
National Highway Traffic Safety Administration (NHTSA), reported [2] that human factors
contribute to 94% of road accidents. These factors include inappropriate speed, driver
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distraction, and age-related issues such as impaired vision, slower reflexes, and reduced
joint mobility.

Considering the above facts, new technologies such as autonomous driving (AD)
and advanced driver assistance systems (ADAS) have been at the center of research and
development in recent decades. Advanced driver assistance systems (ADAS) are essential
through direct contributions related to improving safety by significantly reducing human
error, improving the driving experience through systems that relieve the driver of monitor-
ing the journey, and reducing road accidents by automating responses to dangerous traffic
situations. Through the primary results obtained and with the development of hardware
and software components and systems, AD technology has made significant progress in
its applicability in the automotive and transportation industries, being considered one
of the emerging technologies of the fourth industrial revolution. The initial challenging
and unresolved issues regarding safety and implementation in vehicle construction and
operation were resolved once modern Artificial Intelligence (Al) methods emerged through
Deep Learning (DL) processes, supported by:

e Advances in computer vision;

Data and knowledge accumulated in vehicle dynamics;
Development and availability of new sensors;

Datasets for different operating situations;

Hyper-realistic simulators.

Thus, more and more advanced driver assistance systems are being implemented,
which either alert the driver to dangerous situations that may arise in traffic or take
measures or assist the driver in difficult situations. However, it should be remembered that,
currently, the successful development and implementation of a reliable and fully functional
autonomous driving system represents one of the most difficult challenges and tasks in
automotive engineering.

The main challenge in the development of ADAS systems is the perception problem [3]
or, in other words, how vehicles based on sensors interpret the world around them (other
vehicles, pedestrians, obstacles, roads, lanes, etc.—all components of traffic environments).
Semi- and fully autonomous vehicles are expected to share the road with human drivers,
so the main perceptual cues for an AD or ADAS system remain the same as for humans.
The main cues that human drivers use to indicate the route they intend to follow are, for
example, road markings and road boundaries; autonomous driving systems must fulfill
this task while ensuring traffic safety. Therefore, the most promising path for autonomous
driving systems remains the perception of the road, lane, and markings using traditional
cues [4].

Determining road boundaries and the number and location of traffic lanes in diverse
contexts, including urban, rural, and highway contexts, are essential components of road
and lane perception. Despite significant advances in recent years, current perceptual
systems still struggle with this type of understanding, and several types of sensors have
been tested and researched for road and lane understanding: monocular vision (a single
video camera), stereo vision, LIDAR, vehicle dynamics information obtained from the
vehicle computer or an inertial measurement unit (IMU), and global positioning information
obtained using the global positioning system (GPS) [5,6]. Since markings are designed
for human vision, the most advanced area of research in lane detection is the ability to
accurately obtain road and lane data through the visual process. Other complementary
systems, such as GPS and LIDAR, provide additional information (which can validate the
data obtained through vision).

These road and lane detection processes provide a lot of data necessary for interpre-
tation and thus lend themselves to the use of DL methods. Vision-based deep learning
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DL systems for various functions in AD and ADAS have made and continue to make
significant progress in recent years [7,8]. State-of-the-art neural networks now achieve
remarkable results on public, real-world benchmarks, but for training neural networks, it
must be remembered that they require large, large-scale, labeled datasets (structured data).
Obtaining these datasets is a difficult, time-consuming, and relatively expensive process. In
this regard, current research is focused on the possibility of acquiring labeled training data
using simulation environments (e.g., CARLA [9]). While numerous works have demon-
strated the effectiveness of deep learning-based lane detection using either real or synthetic
datasets, relatively few have explored the integration of synthetic and real-world data to
enhance model robustness. Additionally, limited research exists on understanding how
image resolution affects the trade-off between lane detection accuracy and computational
efficiency. This study addresses both gaps by evaluating a U-Net segmentation model
trained on real, synthetic, and mixed datasets across multiple image resolutions to identify
an optimal configuration for effective and efficient lane detection.

2. Related Work

Lane detection is a fundamental capability that enables fully functional autonomous
driving systems. Over the past decade, numerous approaches have been proposed for lane
detection, which can generally be categorized along two key dimensions: Model-based vs.
Learning-based methods and Real-world vs. Synthetic datasets.

2.1. Model-Based vs. Learning-Based Methods

Model-based techniques rely on geometric models and traditional image processing
algorithms—such as edge detection and Hough transforms—to identify lane features.
These methods are usually lightweight but often struggle under complex environmental
conditions. For example, Shashidhar et al. [10] used a model-based approach combining
Gaussian filtering, Canny edge detection, and the Hough transformation to achieve a
92% accuracy in band detection. Learning-based methods, on the other hand, employ
deep learning techniques and convolutional neural networks (CNNs) to learn features
directly from image data. These approaches have demonstrated superior accuracy and
adaptability to changing environments, such as poor lighting or adverse weather conditions.
Swain and Tripathy [11] developed a YOLOV5-based lane detection model using extensive
preprocessing and achieved 89% accuracy at 48 FPS. Song et al. [12] proposed IAED, a CNN
with attention modules, improving robustness in complex environments. Liu et al. [13]
introduced a top-down lane detection architecture with conditional convolution and a
recurrent instance module, while Baek et al. [14] and Chng et al. [15] focused on real-time
performance improvements with CNN-based models.

2.2. Real-World vs. Synthetic Datasets

Many traditional and learning-based methods have relied solely on real-world datasets
like TuSimple and CULane. On the other hand, synthetic datasets generated using simula-
tion platforms have gained popularity, and the open-source virtual simulation environment
CARLA offers several benefits related to the number of sensors that can be synthesized,
ground annotations, and the diversity of adverse weather conditions (compared to other
virtual simulation environments) [16-18]. They allow for scenario customization and large-
scale data generation, and furthermore, the datasets offer the possibility of investigating
valuable real-world traffic scenarios involving rare or boundary conditions. Examples
of the use of this advantage in research are those published by Swain and Tripathy [10],
Song et al. [12], and Liu et al. [13] who conducted experiments using the TuSimple and
CULane databases to validate their learning-based methods. Furthermore, to benefit from
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the advantages offered by virtual simulation environments, Jeon et al. [19] used CARLA to
evaluate the performance of sensors in heavy rain and found that the detection accuracy,
especially for curved lanes, decreased with increasing precipitation (something difficult to
achieve in real traffic conditions).

2.3. Our Contribution

Unlike most prior studies, this work investigates the trade-off between image resolu-
tion and performance, and it combines both real and synthetic data for training. The use of
CARLA as a simulation environment allows for efficient generation of high-quality labeled
data and the modeling of rare scenarios. By comparing three different input resolutions
(512 x 256, 640 x 320, and 1024 x 512), this study identifies an optimal setting that bal-
ances accuracy (mloU and F1 score) and real-time performance (inference time and FPS).
Training was conducted using three dataset configurations: images solely from CARLA
(3890 labeled), solely from TuSimple (3626 labeled), and a balanced mix (1750 from each).
The model’s performance was evaluated using four key metrics: Mean Intersection over
Union (mloU), F1 precision score, inference time, and processed frames per second (FPS).

3. Materials and Methods
3.1. CARLA (CAR Learning to Act) Simulation Environment

The CARLA (Car Learning to Act) simulation environment is an open-source simu-
lator for urban environment simulation, focusing on creating a publicly available virtual
environment applicable to specific requirements in the automotive industry. Many individ-
ual contributors are constantly working to improve it, and as a result, the current version
of the CARLA simulation environment (version 0.9.12) is a powerful and suitable tool for
simulating real-world scenarios. CARLA was developed from the ground up to support
training, prototyping, and validation of autonomous driving models, both on the percep-
tion and control side. CARLA was developed from scratch based on the Unreal Engine
to use the Open DRIVE standard for defining roads and possible urban environments in
which traffic flows. Uniquely, the urban environment content provided with CARLA is
also free of charge and the game engine offers state-of-the-art rendering quality (realistic
physics, basic logic for NPCs or Non-Player Characters, etc.). Various urban planning
scenarios include a multitude of vehicle models, buildings, pedestrians, road signs, etc. The
simulation supports flexible sensor configuration and provides signals that can be used to
train autonomous driving software, such as GPS coordinates, speed, acceleration, detected
objects, and detailed data on collisions with objects or other road users. A wide range of
environmental conditions can be specified, including weather and time of day, and several
such environmental conditions are illustrated in Figure 1.

CARLA offers the possibility to obtain images in every simulation step from the
sensors via python.api, and CARLA maps are based on open drive maps. Open DRIVE
files contain detailed information about the road layout, including lane markings, road
geometry, and junctions. The simulated vehicle is called “ego vehicle”, a vehicle to which
the camera sensor is attached. Both the autopilot (initially implemented) and manual
control are used for data collection. The autopilot only allows navigation through urban
areas (cities) via reference points, which leads to limitations related to no multiple lane
changes, no approaches to the vehicle in front, no exit from a parking space without giving
priority, no speed limits are exceeded, and so on. So, to cover these ideal situations and
simulate the real situation as faithfully as possible, manual control is used.



Vehicles 2025, 7, 60

50f13

© @

Figure 1. Examples of environmental scenarios in CARLA: (a) Daytime and cloudy, highway; (b) rain,
urban; (c) night, urban; (d) daytime, clear sky, suburbia.

3.2. Testing the Virtual Dataset Quality

The ego vehicle operates within the speed limits defined by traffic signs. To enhance
the diversity of collected images, weather conditions are changed after every 100 saved
frames, and other vehicles and pedestrians appear randomly in the urban simulation
environment (Figure 1). Lane information is saved in JSON format, storing the coordinates
of the lane markings. These coordinates are then transformed from the map reference
system to the optical camera coordinate system. Using this data, binary lane masks are
created by drawing the lanes on the image based on the transformed coordinates (Figure 2).

A

ython’

{Json}

Figure 2. Virtual dataset generation process using CARLA.

To evaluate the quality of the virtual dataset, the following method was used: a neural
network was trained on the newly generated CARLA dataset, and the same network was
trained separately on the TuSimple dataset [20]. The U-Net architecture was selected for this
purpose due to its proven effectiveness in segmentation tasks and its ability to yield high
accuracy even when trained on relatively small datasets. Unlike specialized lane detection
models such as SCNN, ENet, or PolyLaneNet++, U-Net offers a flexible encoder-decoder
structure with skip connections that preserve spatial details. This structure is particularly
suitable for the lane detection task, where precise localization is important.
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The general structure of the U-Net used is illustrated in Figure 3. The notation #;,
refers to the height of the convolutional layers at block level 1, and d,,; denotes the number
of channels in the i" convolutional layer at level 1. The width of each convolutional layer
follows a consistent pattern, and the depth of the convolutional layers at level # is twice
that of the corresponding layer at the previous level (n — 1).

Inst
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Figure 3. U-net architecture: (a) general architecture and information transfer paths; (b) structure of
pooling blocks; (c) structure of convolution blocks (adapted from source [18]).

U-Net is a type of convolutional neural network (CNN) designed specifically for image
segmentation tasks. It was originally developed for biomedical image segmentation [21-23].
The architecture features a symmetric encoder—decoder structure, with skip connections be-
tween corresponding down-sampling and up-sampling blocks. This design helps preserve
fine-grained spatial information that might otherwise be lost due to max pooling.

In this implementation, each down-sampling block consists of two convolutional
layers with 3 x 3 filters and a padding of size 1, followed by a 2 x 2 max pooling operation
with a stride of 2. Batch normalization is applied after each convolutional layer to improve
training stability and convergence speed. The up-sampling part mirrors the down-sampling
blocks, and concatenation is used to merge high-resolution features from the encoder with
the corresponding decoder layers. The number of filters begins at 16 and doubles at
each block level, reaching 256 at the bottleneck. Dropout layers are also incorporated to
reduce overfitting.

The model was trained using a batch size of 16 and optimized with the Adam optimizer
using a learning rate of 1 x 10~ and a linear decay schedule over 80 epochs. These
hyperparameters were chosen based on commonly effective defaults for segmentation



Vehicles 2025, 7, 60

70f13

tasks and were not further tuned, as the primary goal of the study was to analyze resolution
and dataset effects.

The model takes an RGB image as an input and returns a binary segmentation map
indicating the presence of lane lines (Figure 4). The TuSimple dataset, which was used for
evaluation, contains labeled road scenes tailored for autonomous driving applications.

Figure 4. Identification of traffic lanes in different situations and environments: (a) Multilane Road,

extra urban, sunny environment; (b) Single Lane Road, urban, dark environment.

After training on both datasets, the neural network was evaluated using a test image set
from the TuSimple dataset. The evaluation focused on two primary aspects: segmentation
accuracy, represented by the Mean Intersection over Union (mloU) and F1 Score, and
runtime efficiency, measured by inference time and frames per second (FPS). The mloU
metric quantifies the overlap between the predicted segmentation and the ground truth. It
is calculated as the ratio of the area of intersection (correctly predicted lane pixels) to the
area of union (all pixels predicted as lanes or labeled as lanes in the ground truth). This
provides a single metric that summarizes the overall segmentation performance of the
model (Equation (1)).

Intersection

JoU= ——M— 1
mloU Union M

Another important parameter is the F1 score, parameter that combines two factors

“precision” and “recall” (Equation (2)). The factor “precision” is defined as the fraction

of detected lane pixels that are correct, and the factor “recall” represents the fraction of
ground truth lane pixels that are detected.
Precision * Recall

F1— =2 2
Score * Precision + Recall @

Inference time (speed) is a critical performance parameter for real-time applications
because the implementation and architecture of a neural network on mobile devices has
many strict requirements regarding latency and computing resources [24]. The parameter
considered in the FPS study measures how many frames can be processed per second and
is an important factor in the development of ADAS systems. This is because another major
challenge of incorporating an ADAS vision algorithm is to run it in real time on the target
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embedded hardware platform, and the frame rate of the general driver assistance system is
limited by the camera frame rate and the processing time of the application [25].

4. Results

The results obtained from the simulation and training processes are summarized in
Table 1. This table illustrates the impact of varying input image resolutions (512 x 256,
640 x 320, and 1024 x 512) on both lane detection performance and computational efficiency.
The neural network was trained using three different datasets:

e  TuSimple dataset with 3626 labeled images;

e CARLA dataset with 3890 labeled images;

e  Mixed dataset with 3500 images mixed evenly as 1750 from the TuSimple and 1750
CARLA dataset.

Table 1. Results from U-Net trained on considered datasets (different image resolution).

Dataset Dataset Dataset
512 x 256 640 x 320 1024 x 512
Performance . . .
Parameters ) TuSimple ) TuSimple ) TuSimple
TuSimple CARLA + TuSimple CARLA + TuSimple CARLA +
CARLA CARLA CARLA
mloU 0.52 0.36 0.56 0.47 0.32 0.49 0.48 0.33 0.49
F1 Score 0.67 0.52 0.69 0.63 0.48 0.67 0.64 0.46 0.67
Inference Time [s] 0.016 0.017 0.016 0.027 0.027 0.027 0.065 0.07 0.065
FPS 60 59 60 36.88 37.08 37.03 15.4 153 15.37

Each dataset was split into training and testing sets, with 80% of the data used for train-
ing and the remaining 20% used for testing. Training was conducted over 50 epochs using
the Adam optimizer (Adaptive Moment Estimation) with a learning rate of 1 x 10~* [26].
To isolate the influence of dataset composition and image resolution, data augmentation
was intentionally excluded from this study. The original size of the images used for training
was 1280 x 720 pixels.

The variation in performance across the evaluated parameters and the relative differ-
ences between results are illustrated in Figures 5-8.

0.6
0.5

0.4

+48.5 %

Dataset 512x256 Dataset 640x320 Dataset 1024x512

mTuSimple mCARLA TuSimple+CARLA

Figure 5. Comparative analysis of mIoU performance.
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Figure 7. Comparative analysis of inference time performance.
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Figure 8. Comparative analysis of FPS parameter performance.

Based on the analysis of the results obtained, it is observed that their variation can be
captured through a parametric equation (which defines the variation surface—Figure 9).
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Thus, for the calculation of the mIoU parameter, the relationship is presented in Equation
3 (R2 = 0.9953), and for the F1 Score parameter, it is in Equation 4 (R2 = 0.9927), with
the specification that R represents the image normalized resolution in pixels and p is the
normalized percentage of images taken from the TuSimple database vs. virtual images
from CARLA (p = 0 for 100% TuSimple dataset and 0% CARLA dataset and p = 1 for 0%
TuSimple dataset and 100% CARLA dataset).

mloU(R,P) = 0.12R? — 0.40P% 4 0.01RP — 0.1717R + 0.2417P + 0.5258 3)

F1 Score(R, P) = 0.06R> — 0.40P% — 0.03RP — 0.081R + 0.295P + 0.6625 (4)

0.55

0.50

S (F1 Score)

0.45

0.40

0.35

(a) (b)

Figure 9. Variations of mIoU (a) and FPS (b) parameter performance.

In the case of the variation of the mloU parameter, the minimum value was 0.313 (for
R =0.67 and p = 1.0), and the maximum was 0.562 (for R = 0.00 and p = 0.31). In the case
of the variation of the FPS parameter, the minimum value was 0.466 (for R = 0.94 and p
=1.0), and the maximum was 0.712 (for R = 0.00 and p = 0.33). It should be noted that
these results and variation curves were obtained for the particular case treated in the article,
and future research will be carried out using other real and virtual databases to validate
these hypotheses.

5. Discussion

While the CARLA dataset alone yields competitive results (Table 1), the best perfor-
mance in both the mIoU and F1 scores was achieved by the combined TuSimple + CARLA
dataset, highlighting the benefits of combining real and synthetic data. The minimum value
obtained for the mloU parameter was 0.32 (CARLA, data set 640 x 320), and the maximum
was 0.56 (TuSimple + CARLA, data set 512 x 256), with an average difference of 75%. The
F1 score parameter also shows better results when using the CARLA dataset for all cases of
image resolution considered. The highest score obtained was 0.69 (TuSimple + CARLA,
data set 512 x 256), and the lowest was 0.46 (CARLA, data set 1024 x 512).

It can also be stated from the results obtained that the Inference time (average variation
of approx. 5.8%) and FPS score (average variation of approx. 1.6%) values for each case
of image resolution considered have a minimal sensitivity relative to the dataset used
(specific to each resolution considered). This suggests that the U-Net architecture maintains
constant band detection performance in all tested datasets. Such stability can be attributed
to the prominent and structured nature of the band markings, which remain solid even at
lower resolutions. In the case of band line detection, the fine details that can be captured
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by the increased size of the input images (image resolution) are not significant in their
tracing/identification.

By analyzing the functional (applicative) efficiency of the proposed method, it is
observed that there is a significant inverse relationship between the resolution of the input
image and the computational efficiency. Specifically, in terms of frame rate (FPS), when
using the TuSimple database, increasing the resolution from 512 x 256 to 640 x 320 results
in a 38.53% reduction, and when increasing the 640 x 320 resolution to 1024 x 512, a 58.24%
reduction. When using the CARLA Simulation Environment, increasing the resolution from
512 x 256 to 640 x 320 results in a 37.15% reduction, and when increasing the 640 x 320
resolution to 1024 x 512, a 58.73% reduction. However, it is observed that using 1024 x 512
resolution reduces FPS by over 50% compared to 512 x 256, with a negligible gain in
mloU. The values and trends of these indicators indicate a substantial increase in the
computational load required with increasing image resolution, once again emphasizing
the need to find a compromise, in applications specific to solving such problems, between
image resolution and processing speed.

All experiments in this study were conducted using a 12th generation i7 2.3 GHz
CPU, without GPU acceleration. Despite this, the U-Net model achieved reasonable
inference times and frame rates, indicating its potential viability for real-time applications
on modest hardware.

However, several limitations must be acknowledged:

e  Only the U-Net architecture was tested. Other models such as SCNN, ENet, or
PolyLaneNet++ may exhibit different performance trends, particularly regarding
resolution sensitivity and generalization.

e Real-world generalization to unseen roads was not assessed. Testing the trained
models on independent datasets or previously unseen road segments would provide
a more comprehensive evaluation of robustness.

Given the performance and computational trade-offs, we recommend using a
512 x 256 input resolution combined with a mixed dataset (real + synthetic data) for
lightweight ADAS systems.

For actual deployment in embedded systems, further optimization would be necessary.
Future work will explore hardware-specific improvements, such as quantization, model
pruning, or transitioning to more lightweight architectures (e.g., ENet or MobileNet-based
U-Nets) for improved performance on embedded systems.

6. Conclusions

A key advantage of using simulation environments for training lane detection neural
networks is the ability to generate rare or uncommon traffic scenarios—such as sharp street
corners or unusual lane configurations—that are often missing or underrepresented in
real-world datasets. Incorporating such edge cases into the training process is essential for
ensuring the safety and robustness of autonomous driving systems.

Additionally, simulation environments like CARLA enable the rapid generation of
large volumes of accurately labeled data. This significantly reduces the time and cost
typically associated with manual annotation, while also offering flexibility to model diverse
environmental conditions.

Future enhancements in simulation-based training may focus on increasing the photo-
realism of generated images using game engine technologies. While this may demand more
powerful hardware resources, improved visual fidelity can lead to better generalization of
trained models in real-world scenarios, as also noted in related research.
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Abbreviations

The following abbreviations are used in this manuscript:

AD Autonomous driving

ADAS Advanced driver assistance systems
Al Artificial Intelligence

CARLA CAR Learning to Act

CNN Convolutional neural network
DL Deep learning

F1 Precision factor

FPS Frames per second

GPS Global positioning system
LIDAR  Light detection and ranging
MU Inertial measurement unit
mloU Mean Intersection over Union

NPC Non-player character
RIM Recurrent instance module
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