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Abstract

The increasing prevalence of autonomous systems today, when integrated with Advanced Driver Assistance Systems (ADAS)
that perceive the driving environment and provide real-time information to drivers or autonomous systems, is bringing about
a significant transformation in terms of road safety. Specifically, advancements in computer technology and the success of deep
learning-based methods hold the potential to both minimize errors stemming from human factors and make traffic smoother,
safer, and more comfortable. In this study, an artificial intelligence model sensitive to traffic signs, particularly traffic lights,
has been developed to mitigate traffic flow issues, reduce time loss, and prevent cost increases on highways. The study employs
neural networks and deep learning techniques to address the low detection rates and high false alarm issues commonly
encountered in traditional automatic incident detection (AID) methods. Advanced object detection algorithms, the enhanced
YOLOV8 algorithm, have been utilized to accurately identify various road signs and lanes, including traffic lights, under diverse
environmental conditions and viewing angles. Thus, not only traffic flow data but also the meanings, locations, and directions
of signs were integrated into the model, providing drivers and autonomous vehicles with a more comprehensive information
environment.
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1. INTRODUCTION

Throughout history, the automobile has been a
central element that facilitates human mobility,
provides individuals with a sense of freedom, and
shapes the physical and economic structure of
cities. Although driving is considered a mundane
routine today, even a moment of driver
distraction can have serious consequences.
Indeed, traffic accidents are one of the leading
causes of death in many geographies. World
Health Organization data reveal that an average
of 1.35 million people worldwide lose their lives
in traffic accidents each year. It is known that the
rapidly growing urban population and the number
of motor vehicles, especially in low- and middle-

income countries where adequate traffic safety

measures are not yet fully established, creitO

increasing risks. These conditions elevate traffi

speed limilS, education level, and the quality of
emergency response services [2]. Advanced
traffic safety policies, adequate inspections, high-
tech vehicles, and informed drivers are often
associated with lower fatality rates. In contrast,
fatality rates remain higher in areas where
inadequate measures are taken. In recent years,

European Union (EU) countries have taken

significant steps to enhance traffic safety,
resulting in a noticeable reduction in fatalities
caused by accidents [3]. However, achieving the
2025 and 2030 targets still seems challenging,
highlighting the need for  continuous
strengthening of holistic strategies such as
increasing infrastructure investments, expanding

educational programs, supporting

#Ue in cities. This demographic
sustainable and  efficient
porkation management even more critical,
agerbating issues such as heavy traffic,
congestion, and the risk of accidents. New-
generation technologies are of great importance
in addressing these problems. Especially, deep
learning-based approaches make it possible to
automatically process visual data, quickly and
accurately detect traffic signs, thereby
strengthening real-time decision support systems.
Thus, drivers and autonomous vehicles can
operate based on real-time and reliable
information, and cities are moving toward more
innovative, safer, and more  dynamic
transportation systems [4]. Autonomous driving
technologies, which have emerged due to

advancements in technology, are attracting
attention as a dynamic field encompassing a
broad ecosystem of infrastructure, hardware,
scenarios, and services. It is not possible to

adhere to a specific timeline in this field. At the
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same time, some innovations have already
entered daily life, and others will occur in the
future as a result of overcoming technical
obstacles or shaping political decisions. This
automation process is part of a larger
transformation resulting from the integration of
technologies such as computers, mobile phones,
and the Internet, which interact to create
machines that understand, perceive, and process
the physical environment. These machines are not
only making their mark in the automotive
industry but also in various other fields such as
uncrewed aerial vehicles, maintenance robots, 3D

printers, and security applications [5].

As shown in Figure 1, autonomous vehicles

collect and analyze information from the

environment, just like a human driver, and ma&’

informed decisions based on this informatio
Components such as sensors, radar, lidar ,
camera systems, and high-resolution map§ena

the wvehicle to perform esse fu

successfully, including route

and 2 provide driver support functions with
limited assistance. Level 3 offers conditional
autonomy; the vehicle can control its speed and

direction independently, but driver intervention is

expected in certain situations. Level 4 autonomy
means the vehicle can perform many driving
actions without human intervention, but the
driver has the option to take control at any time.
The final level, level 5, is full autonomy; at this
level, driver input is not required, the vehicle
performs every action a human can, and driver

intervention can even be prevented, This level

onomous vehicles' decision-making
s function in emergencies. While

n drivers often make decisions based on

tion and emotion, autonomous vehicles react
within milliseconds by calculating within the
framework of predefined algorithms. This also
leads to moral dilemmas, such as the traditional
"Trolley Problem," being brought to the forefront
[8]. All this uncertainty can make it difficult for
consumers to trust technology. [9] emphasizes
that the widespread adoption of a new technology
depends on convincing consumers that the
product performs its functions safely and reliably.
In the autonomous vehicle ecosystem, not only
end-users but also vehicle manufacturers,
software developers, and infrastructure providers

can be positioned as "consumers."
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Figure 1. Sensor Technologies and Detection Areas Used in Auto

Establishing trust, defining ethical codes, and

ensuring  societal acceptance of  these

technologies are vital for autonomous vehicles to
be fully

integrated into the transportation

. o
ecosystem in the future. In the short term, ®e

might see a limited number of test drive
however, in the long run, a fully autoffomou

transportation network could bring abouf@a new

performed by General
1939 World's Fair [10].

capable of reaching speeds of 20 km/h and
following the white line on the road at the
Mechanical Engineering Laboratory in the
Tsukuba region of Japan in 1977 was an
interesting step in autonomous driving. By the
1980s, not only the vehicle's own movements but

also the perception of surrounding elements had

ou hiclesj6]

don. During this period,
ch on the processes of

perceivin gnizing road and traffic signs

ducte rticularly in a study carried out
i n 1984. This study highlights the
taCe of computer vision techniques in

omous Vvehicles for the coming decades,
emphasizing fundamental image processing
methods. In 1989, Pomerleau conducted the first
road tests of the ALVINN land vehicle, supported
by DARPA in the United States. He successfully
processed data from camera and laser sensors
using neural network-based artificial intelligence
techniques, enabling the vehicle to reach a speed
of 30 km/h [10]. Subsequently, the "European
Prometheus Project™ conducted in Europe during
the 1990s carried out the longest robotic car
experiment to date, with the vehicle reaching a
speed of 96 km/h on empty streets and
demonstrating a successful drive. Around the
same time, Dickmann's famous S-class
autonomous car covered long distances without
human intervention and at a speed of 158 km/h

from Munich to Denmark. These developments
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have demonstrated the technical feasibility of the
autonomous vehicle concept; however, the full-
scale adoption of these systems has been awaiting
advancements in cost, sensor quality, processing

power, and data processing techniques [11].

By the 2000s, the variety of autonomous vehicles
increased due to lower costs, increased wireless
communication possibilities, and the emergence
of more flexible processing platforms. In 2008,
Cayiroglu and Simsir transferred wireless camera
recordings to a computer using a robot they
designed with a PIC16F877A [12], while Fong
and colleagues experimented with Wi-Fi-based
real-time control [13]. Kuo and his colleagues
added wireless control functionality to an

Arduino-based system [14]. In the same vyear,

Espes and his colleagues developed a mobﬂ&

robot that operates over the internet, utilizing
Raspberry Pi and Arduino Mega. In 7,
Cetinkaya provided vehicle control via Bluetoo
using fuzzy logic-based positiopgcontro

These examples demonstrat

hardware but also t used in
autonomous systems,ha

evolution.

segmentatdon, geometric moments, decision
trees, and statistical methods were prominent
[16]. Yuan and colleagues found that CNN-based
deep learning methods were becoming
widespread [17], and Stallkamp and colleagues
demonstrated that CNN models could outperform
human performance [18]. Xu and his colleagues,

Arcos and his colleagues, Torres and his

colleagues, Rahman and his colleagues, Mathias
and his colleagues, Jung and his colleagues, Li
and his colleagues, Abedin and his colleagues,
and Song and his colleagues have made
significant progress in traffic sign detection and
classification using different deep learning
architectures, region proposal networks (Faster
R-CNN, R-FCN, SSD, YO

segmentation, HSI-based thresholdi

), color

moments, and methods er
®

BC algorithms
nerate” a turning route,
] utilized deep learning to
tonomous vehicle reached its
without human intervention. For
g problems, [30] achieved successful

autonomous parking experiments using a
machine learning approach, while [31] used
[32], While

implementing autonomous parking applications

reinforcement learning.
on embedded automotive platforms using end-to-
end learning and Deep Neural Networks, [33]
developed a successful automatic parking

controller with a dual neural network model.

This chronological progression illustrates the

historical development and evolution of
autonomous vehicle technologies, as well as the
methods for detecting and interpreting traffic
signs. Studies that initially focused on basic
image processing and sensor integration have
made significant advancements in both accuracy
and efficiency today, thanks to the introduction of
deep learning and artificial intelligence-based

models. Thus, autonomous driving is constantly
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improving and enriching not only mechanical
autonomy but also visual perception, object
recognition, and decision-making abilities.

In this study, a traffic light-sensitive artificial
intelligence model has been developed to
mitigate traffic flow issues, reduce time loss, and
prevent cost increases on highways. In this
context, the study employs neural networks and
deep learning techniques to address the low
detection rates and high false alarm rates
frequently encountered in traditional automatic
incident detection (AID) methods. Traffic lights
were detected with high accuracy under different
environmental conditions and viewing angles
using advanced object detection algorithms,

particularly with the help of the improved

YOLOVS algorithm. Thus, not only traffic flqﬁ

data but also the meanings, locations, ang
directions of signs were integrated into the
providing drivers and autonomous vehiclgs wi
up
ult, the

a more comprehensive a
information environment.
developed model is expécted increase the
operational efficiengy i nagement

centers, improvegdriler safe comfort, and

to make more

enable autggomo

Advanced Driver Assistance Systems (ADAS)
have become a significant part of the
technological transformation in the automotive
industry. These systems are designed to minimize
the challenges drivers may face, reduce accident
risks, enhance road safety, and improve the

overall driving experience. Initially developed

solely to guide the driver, these systems have

evolved into a comprehensive technology
package encompassing various functions, such as
lane-keeping assist, adaptive cruise control,
automatic emergency braking, blind spot
warning, and traffic sign recognition. Artificial
intelligence-based methods play a key role in the

vehicle's perception of its surroundjngs and in

by quickly and reliablyéeco
Thus, the driver can fstant

workload. Pioneering projects like

Iligent" support system that can make sense
of the dense data stream from in-vehicle sensors
and applications and present it to the driver. This
approach, on the one hand, has reduced
information overload targeting the driver. On the
other hand, it has enabled the development of
automation-based functions that support timely
and accurate decision-making. However, these
developments have not eliminated the human
factor; on the contrary, human-machine
interaction has become even more critical with
the advancement of technology. Human-related
issues, such as distracted driving, fatigue, or
incorrect decisions, remain relevant. As
automation levels increase, the transfer of some
control to the device directly affects drivers' trust,

acceptance, and usage habits.
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In conclusion, ADAS systems hold a vital
position in the transportation ecosystem, both
today and in the future. Functions such as
automatic speed adjustment, autonomous driving,
smart navigation, and collision avoidance are
gradually transforming the driver's role while
enhancing the safety and efficiency of the driving
environment. In this transformation, Al-powered
traffic sign recognition technologies are reducing
errors caused by human factors, offering a safer,
more comfortable, and predictable driving
experience. Thus, ADAS contributes to the future
of transportation by minimizing human
intervention on the road to a fully automated

highway system.

3. METHODOLOGY AND SIMULATION
RESULTS

In this study, a YOLOv8-based model wa
developed for the automatic detection an@ colo
identification of traffic lights. For this
Jupyter

(Graphics Processing Unit)

del, a

computing environme

suitable folindation for accurately learning both
the position and color information of objects,
such as traffic lights. The presence of an NVIDIA
GPU was checked, and the suitability of relevant
system components (CUDA, PyTorch version,
etc.) was verified to ensure the model could be
trained at the highest possible speed during deep

learning processes. Modeling was performed at

epochs 40 and 80 to detect traffic lights and
identify their
comparison was made. Additionally, the project

automatically colors, and a
directory has been organized into a structured
format, ensuring that the dataset, weight files, and
model outputs are stored in a manageable
manner. The YOLOvV8 algorithm has been

selected for its ability to provide fast, accurate,

and comprehensive data in ex and

constantly changing dri&ing

pefformance changes as the
jhcreases. The study used the
F1-Confidence
Curve, and

atrix, Curve,
Recall-
dence Curve to compare the evaluations

made at the 40th and 80th epochs.

3.1. Modeling by 40. Epoch

The dataset, comprising traffic light images and
corresponding label information, was obtained
from an internet-based platform (e.g., Roboflow).
This dataset is organized to include color labels
(e.g., red, yellow, green) in addition to the
location tags for traffic lights. In the study,
various images were combined to enhance data
quality and represent different conditions (such as
different angles and light intensities), and
training, validation, and test sections were
created. By integrating Ultralytics’ YOLOv8
version into the project, it has become possible to
customize the model. In this process, the library
was checked for compatibility with the system.
Then the basic functions provided by YOLOv8

(training, prediction, model evaluation), as shown
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in Figure 2, were tested for review and adaptation
purposes. After all these steps are completed, the
YOLOV8 model is ready for training in traffic
light detection and color recognition, as per the

created method. The training and evaluation

RN
NS

o . jmqm

N

\ &8
\ d el 4
‘ _g.&now;, 0.79

L

tables used to evaluate
classification model

which examplesgthel model ied correctly,

on, and between

classes " cted by the model." Thus, it can be
clearly seen which class is recognized with what
accuracy or which classes are frequently
confused with each other [33]. The diagonal cells
in the confusion matrix (e.g., correctly predicting
"green" for samples that are actually "green")
reflect the model's successful classification rate;

the height of these values indicates that the

stages of the model have been completed; the
performance of traffic light detection and color
classification has been analyzed based on the
results obtained.

odel at the 40th epoch

relevant class is well-learned. On the other hand,
off-diagonal cells contain classes that the model
confuses (for example, predicting an instance that
is "actually green™" as "red"), and the growth of
values in these cells indicates difficulty in
distinguishing between  those  classes.
Additionally, some complexity matrices present
ratios (normalized data) instead of raw numbers,
allowing for the proportional observation of the
model's error density. In this way, the weaknesses
of a classification model that are not apparent
from its overall accuracy rate can be identified;
performance can be improved through steps such
as necessary data improvement, additional label
correction, or in model

changes settings.

Furthermore, being able to predict in advance
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where false positive or false negative errors are
likely to occur contributes to the creation of safer
and more effective decision-making processes in
real-world usage scenarios (e.g., autonomous
systems or medical diagnostic applications). The
F1-Confidence curve in Figure 3 shows the
relationship between the model's F1 score and the
confidence score threshold. The model marks a
prediction as "positive" if the confidence score it
assigns to each prediction exceeds a certain
threshold, thus increasing the Precision value by
accepting only the most confident examples as
positive as the threshold rises. In contrast, the
Recall (the rate of capturing true positives) tends
to decrease. On the other hand, lowering the
threshold value leads to an increase in Recall, as
more examples are considered positive, but g

decrease in Precision. This graph shows the
performance captured at different threshold
values for the F1 score (the balance between
Precision and Recall). For example, a peak
obtained around the 0.3-0.4 threshold indicates
that the model reaches its highest F1 score in this

range. Additionally, since the different colors on

the graph (e.g., orange: "red", blue: "green", etc.)

.g., "reducing false

jzing missed positive

it the real-world usage scenario.

S
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Figure 3. F-1 Confidence Curve

The Precision-Confidence Curve in Figure 4 is a
valuable analysis tool that illustrates how the
precision level of a classification model varies
with different confidence score threshold values.
The model assigns a specific confidence score to

each prediction and considers predictions with a

score above that threshold to be “positive."
Therefore, as the threshold value increases, only
predictions with the highest confidence are
deemed positive, resulting in a higher overall
precision. However, this approach can lead to a

decrease in the Recall value (the rate at which true
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positives are captured) because the model, being

more cautious, may miss some examples.

Precision-Confidence Curve

1.0
—— green

red

yellow
w3l classes 1.00 at 0.819
0.8 1

061 |

Precision

0.4 4

0.2 1

\ ¢

0.0

0.0 0.2 0.4 0.6 0.8 1.0
Confidence

As seen in Figure 4, the horizontal axis represen.t.
the confidence score, and the vertical axis

Recall-Confidence curve in Figure 5

illustrates how the sensitivity (Recall) level of a
classification model varies with specific
confidence score threshold values. When the
model assigns a confidence score to the
prediction that exceeds the chosen threshold, it
marks this example as "positive,"” thereby
counting more examples as positive at lower
threshold values and increasing Recall. However,
as the threshold increases, only very certain cases

are considered positive, leading to a rise in the

positives by accepting only "very

number of missed samples (false negatives) and a

confident" predictions as positive. However . .
P P ! decrease in Recall. Therefore, this curve serves as

while using a high threshold might be sensible if a critical guide in the process of determining the

the application prioritizes "minimizing false optimal threshold based on the application's

alarms," a lower threshold should be chosen if the priorities, such as "missing no positive examples"

"missing n itive examples" roach i .
ssing no positive examples™ approach Is or "minimizing false positives as much as

adopted. Therefore, the Precision-Confidence possible."

curve serves as a fundamental guide in
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The results obtained when the proposed model is
applied to real-life scenarios are presented in

Figure 6. Accordingly, it is observed that tﬁg fa

Here, the highest F1 score for "all classes" (thick

blue curve) increases from 0.94 to 0.96, and the
peak (optimal threshold) shifts from 0.30 to 0.37,
indicating that the model's overall accuracy level
has improved and it achieves its best balance at a

slightly higher confidence threshold. When

\
0.8 1.0 y

quest ins Jtable despite environmental

e 6. Application of the Model to Real Life

examined on a class basis (blue: "green", orange:

red”, green: "yellow"), it is observed that
although the curves initially rise rapidly and then
continue to decline, their peak points are higher
or show a later decline compared to the 40th
epoch. For example, the fact that the red (orange)
line remained at a relatively high level around 0.8
suggests that the model may have learned color
differentiation more effectively during the

additional training process.
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F1-Confidence Curve

0.0 0.2 0.4 06
Confidence

In conclusion, the F1-Confidence curve for the
80th epoch demonstrates a balanced Precision-

Recall performance, exhibiting both a higheg

compared to the previous epoch (40th
particularly at threshold values within th

range.

The Precision-Confidence

levels,

values (e.g.,

for individual classes (blue: green, orange: red,

—— green
red
yellow

= all classes 0.96 at 0.369

s of the 80th epoch. Similarly, the fact that
"green" and "yellow" classes are also
positioned within the range of 0.5-0.8, at a higher
Precision level compared to the 40th epoch,
indicates that the model's ability to reduce the
number of false positives improved during the

additional training period.

Nevertheless, it should be noted that the optimal
confidence threshold needs to be determined
based on the level of false positives the
application can tolerate, as a very high threshold
could lead to a decrease in Recall (the rate of

finding true positives).
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Figure 9 presents a comparison of the Precision- reache i green and yellow classes
Recall performance obtained at epoch 80 with the S lopment, fluctuating between
data from epoch 40. Bu grafige bakildigindag 0. 08, However, the sudden drop in the
S es points where the Recall value
aches the range of 0.9-1.0 indicates that the

ber of false positives increases as the model
labels more examples as "positive™ to achieve

high sensitivity.

Precision-Recall Curve

—— green 0.969
red 0.994
yellow 0.981
y = all classes 0.982 mAP@0.5

A

s
o
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Figure 9. Precision-Recall Graph (80th Epoch)
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The data presented in Figure 10 for the 80th
epoch shows that, compared to the previous
results (40th epoch), the model was able to
capture almost all positive examples within the
0.0-0.2 confidence interval (Recall ~ 1.0). It is
observed that as the threshold value increases
(from 0.6 to 0.8), Recall gradually decreases,
while the red (orange) and yellow (green) curves
remain at high levels up to a threshold value of
~0.8. Similarly, green (blue) can also maintain a

Recall value above 0.9, up to 0.6. This table

Recall-Confidence Curve

Recall

0.0 0.2 04 0.6
Confidence

es in training and

well as the basic

graphs show a consistent decreasing trend from

the first epochs, indicating that the model is
learning increasingly well. The fact that these
losses approached a plateau level by the end of
the 80th epoch can be interpreted as the model's
weights having largely stabilized, and that it was

performing very little additional learning. It is

shows that after the 80th epoch, the model is
successful across a broader range in terms of "not
missing positive examples,” but experiences a
sharp drop at thresholds above 0.8, similar to
what was observed at the 40th epoch. Therefore,
it can be said that the additional training process
improves the model's recall performance at low

and medium confidence thresholds,

threshold values, the "fewer positiv

approach increases the gk
®

green

red

yellow
= all classes 0.99 at 0.000

08 10

. Recall-Confidence Graph (80th Epoch)

also noteworthy that the validation losses
(val/box_loss, val/cls_loss, val/dfl_loss) at the
bottom of the image are almost zero. This
situation could arise because the validation
dataset is relatively easy for the model, or due to
a difference in the visualization scale, resulting in
losses being expressed with small values. Both
possibilities suggest that the model needs to be
evaluated with a different and more challenging
test dataset to better understand its actual
performance. The metric graphs in Figure 11

show that the model's Precision and Recall values
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significantly increased over time. The fact that
Precision ranged between 0.9 and 1.0 indicates
that the model significantly reduced its false
positive rate. In contrast, the fact that Recall rose
to around 0.8 suggests that the model correctly
identified the vast majority of truly positive
samples. Ayrica mAP@0.5 degerinin 0,95-0,98
diizeylerine, mAP@0.5-0.95 degerinin ise 0,6—

frain/box_loss

frain/cls_loss

35 —— results 4.0

30 4 35

25 3 3.0

20 25
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1 "

1.0 16
0 50 o 50 0
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V] 50 -0.05 0.00 0.05 Q

train/dfl_loss
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koymaktadir. However, the very low validation
losses and the fact that the metrics are at relatively
high levels indicate that there is not much
difference in difficulty between the training data

and the validation data for the model
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Figure 11. Changes in basic performafice m Maining and validation losses in 80. Epoch

4. ASSESSMENT
The application of the mo

model's generalization performance has been
verified, and it is observed that the persistence
and reliability of the results obtained have been

increased.

Figure 12. Testing the Model Under Different Conditions

Figure 13 shows that the complexity matrix data
indicate significant differences when comparing
the model's outputs at the 40th and 80th epochs.

For example, the red class was already classified
with 99% accuracy at the 40th epoch, and not

only did it maintain this value at the 80th epoch,
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but also reduced the background mixing ratio (red
— background) from approximately 64% to 36%.
A similar improvement was observed in the
Yellow class, with the correct recognition rate
increasing from 0.92 to 0.96. In contrast, the
confusion between green and background (green
— background) appears to have risen from 0.29
at epoch 40 to 0.55 at epoch 80. This situation
indicates that, while the overall accuracy of the

model has increased, it is particularly prone to

Confusion Matrix

Green

Red

Predicted

Yellow

0.04 0.01

Background

Green Red
! ’

to similar studies in the

observed that detection rates are
low and error rates are high [34]. In this study, the
YOLOV8 algorithm, enhanced with preferred
neural networks and deep learning techniques,
was developed to detect traffic signs with high
accuracy under  different  environmental
conditions and viewing angles. To summarize the
contribution of this study in comparison to other

studies in the literature, it surpasses traditional

confusion with background objects in green light,
suggesting the need for additional data
diversification or improvements in model settings
(e.g., threshold values). The results presented in
Figure 13 confirm that the developed YOLOVS-
based model is not only a high-accuracy
laboratory output but also a practical tool that can
be used in real-world applications sugh as ADAS

or fully autonomous vehicle system

-0.2

-0.0

Yellow Background

Figure 13. Confusion Matrix Table

traffic detection methods, providing a highly
accurate, reliable, and practical solution for the
autonomous systems ecosystem. In the study,
organizing the directory structure ensured that the
project was stored in a manageable manner,
preventing the mixing of data, model parameters,
and results, thereby facilitating transparent and
reproducible analysis processes. Reproducibility
is of great importance in clarifying which data

individuals who will repeat the study will use in
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model training and performance measurement.
The model's overfitting or underfitting conditions
have been evaluated. The results obtained
highlight the

performance.

model's high generalization

5. CONCLUSION

In this study, a YOLOv8-based approach was
developed and comprehensively evaluated for the
task of traffic light detection and color
recognition. At the beginning of the research, the
Ultralytics YOLOV8 library was installed in a
GPU-supported environment, followed by the
creation of a carefully prepared traffic light
dataset to reflect different lighting and angle

conditions.

Throughout the training process, performance

metrics such as loss, accuracy, F1 score, and mU?

of the model were monitored at regular interval
by the 80th epoch, a high mAP value (=0 #38) an
balanced Precision-Recall

performanc were

achieved. It was observed that th

near-perfect results, especi

field tests are needed to fully assess how well the
model generalizes when faced with real-world
diversity (such as night shots, different camera
angles, and climate conditions). Future studies
could enhance the model's generalization ability
by increasing the dataset's diversity (e.g., traffic
light designs from different countries or

challenging weather conditions). Additionally,

integrating the model with advanced techniques
such as multi-output architectures or domain
adaptation can provide valuable contributions,
particularly in meeting the safety and accuracy
requirements of autonomous vehicles. As part of

future research, developing the necessary

regulations and standards for the legal and social

acceptance of autonomous vehicles is crucial. In

gorithms. It is also

reate mechanisms that

increase the reliability of autonomous

cles but also build user trust.
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