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Abstract
Background: Automated traffic sign recognition is a technology that helps in detecting
and understanding the traffic signs on the road. These signs may include stop signs,
speed limits and some other warning signs. These signs are important in maintaining
road safety and helping drivers obeying the traffic rules. Machine learning and computer
vision together have advanced in this field and many methods have been proposed for
automated traffic sign detection and recognition. Despite these advancements, there are
still many challenging situations including occlusion, varying lighting conditions, difficult
environmental conditions and sign variations which still need attention. Methods: We
use Arabic traffic sign dataset to train EfficientNetB3 architecture with attention mecha-
nism to classify the traffic sign under the unique visual and linguistic complexities as well
as diverse environmental conditions. We also improved the dataset by augmenting and
adding extra images to cover actual scenarios like fog, heavy rain, low light etc. making
it stronger for testing and future research. Results: Our trained model achieved the ac-
curacy of 99.61% in testing better than the compared to the baseline CNN-Resnet model.
Conclusion: In this research we addressed the existing limitations and sets a benchmark
for the effective and efficient classification of Arabic traffic signs, particularly in challeng-
ing weather conditions.

*Correspondence author email address: rizayazuddin@gmail.com
DOI: 10.21015/vtse.v13i4.2306

1 Introduction
Traffic sign recognition (TSR) is one of the critical
component of intelligent transportation systems
(ITS) [1]. This technology helps in safer driving through
automated detection and interpretation of road

signs [2, 3]. In driver assistance systems, autonomous
vehicles, and road safety monitoring, where even
minor recognition errors can lead to serious acci-
dents [4], it is very important to on time recognize,
detect and classify the road traffic signs. In the fast
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extensive research have been done to recognize these
signs in European and American road environments.
However, specific research in conditions having ex-
treme weather challenges like Arabic road signs still
remains limited. Compared to traffic signs present
in western countries the signs in Middle Eastern and
Eastern countries introduce unique challenges due to
linguistic variations, visual diversity, and distinct sign
structures. Environmental factors are also intense
and varied here such as changes in light, dust from
the desert, vehicle occlusion [16], and sign deteriora-
tion because of harsh weather on the roads. These
factors highlight the need for robust domain specific
solutions that go beyond conventional deep learning
architectures [25, 26]. Figure 1 illustrates the multi-
faceted challenges of reliable traffic sign detection in
real-world environments.

Recently the deep learning algorithms have been
advanced like the CNN have improved the accuracy
of many classification tasks including traffic sign clas-
sification. However, most existing models are trained
on datasets like the German Traffic Sign Recognition
Benchmark (GTSRB) [5] or the Belgian Traffic Sign
Dataset [6], which differ substantially from Saudi traf-
fic sign designs. When we apply the models trained
on these datasets they may struggle with Arabic text,
culturally specific icons, and regional variations.

In this research we try to fulfill the identified gap
by training EfficientNetB3-based deep learning model
integrated with attention mechanisms [13] on Arabic
traffic sign dataset.

Below we summarize our main contributions:
1. Our proposedmodel enhanced the visual and lin-

guistic complexities for road signs to avoid road
accidents.

2. Our implemented EfficientNetB3 with attention
mechanisms, is specifically optimized to handle
the unique visual and linguistic complexities of
traffic signs under rough weather.

3. We further augmented the dataset to capture
real-world challenges [24] such as illumination
variations, occlusions, and environmental distor-
tions, providing a robust benchmark for future
research of the domain.

4. We conducted extensive experiments with
hyperparameter tuning and achieved 99.61%
classification accuracy which is higher than the
CNN-Resnet architecture setting a new bench-
mark for Arabic TSR in Saudi urban contexts.

The remaining paper contains the following
sections.

• Section 2 is literature review where we discuss
some past studies related to traffic sign recogni-
tion overall and in specific to challenging environ-
mental conditions particular Saudi Arab.

• Section 3 is Methodology where we describe the
data source and preprocessing strategies. Also
we discuss the architecture of EfficientNetB3
model.

• Section 4 is the Result & Discussion. In this
section we outline the experimental setup and
other implementation details. Then we discuss
the obtained results and its comparison to
baseline models.

• Section 5 is conclusion.
2 Literature Review
TSR has undergone significant evolution over the
past three decades, moving from traditional com-
puter vision techniques to advanced deep learning
and transformer-based approaches. We present this
transformation and progression in figure 2. This figure
is a comprehensive timeline of key TSR approaches.
We can see a transition from handcrafted features
to modern attention-based and transformer-driven
methods.

The handcrafted features relived mainly on meth-
ods like color segmentation, shape descriptors,
Histogram of Oriented Gradients (HOG) [7, 9], and
Scale-Invariant Feature Transform (SIFT) [10, 11].
Later they were integrated and coupled with classical
classifiers of ML like SVM and KNN. While these
methods achieved moderate success, they lacked
robustness under changing and variable conditions
such as illumination changes, occlusions, and environ-
mental distortions. We see in diagram that later the
research mainly focused on using CNN for traffic sign
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Figure 1. Challenges Faced by Traffic Signs

Figure 2. Timeline of TSR Techniques

recognition. Early CNN-based studies demonstrated
the capability of deep architectures to automatically
extract hierarchical features, significantly outperform-
ing handcrafted feature-based methods. Subsequent
advancements, such as hierarchical CNNs [12] and
optimization strategies like the Adam optimizer [14],
further improved classification accuracy. CNNs were
also adopted for real-time TSR, enabling deployment
in embedded and automotive systems. Although
often with trade-offs in accuracy compared to deeper
models [15]. CNNs were also ensemble in different
ways and have been explored by many researchers
to get multiple learned representations for improved
robustness [17]. Apart from CNN detection-based
architectures such as Faster R-CNN have been also
adapted for TSR. All these methods offer strong

performance in complex environments with multiple
signs [18].

When we come to Arabic traffic sign classifica-
tion, we find fewer studies and this area remains
underexplored. Some researchers used CNN-based
recognition on small-scale Arabic datasets, but these
approaches often lack generalization and fail to ac-
count for environmental complexities found in Saudi
urban areas.

Recent works have introduced EfficientNet architec-
tures and attention mechanisms to enhance feature
extraction and achieve higher accuracy in object clas-
sification tasks. However, their application to Arabic
TSR is still in its infancy. This gap motivates our re-
search, which integrates EfficientNetB3 with attention
to deliver robust classification results under actual and
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dynamic conditions.
In table 1 we provide a comparative summary of

existing traffic sign classification approaches.
3 Methodology
In this study we took a comprehensive approach
by dividing the main task into several key steps,
including data collection and preparation, model
architecture, model training, hyperparameter tuning
and model evaluation. In the following subsections
we write the details of each part of the methodology,
from the preparation of the dataset to the model
architecture and specific techniques used to enhance
performance.
3.1 Data Source
Weuseddataset ArTS [27]which contain images of traf-
fic signs collected from diverse locations in the Eastern
Province of Saudi Arabia, including Khobar, Dammam,
and Dhahran. Thementioned dataset contained 2,718
total images.
3.2 Data Collection and Preparation
The dataset includes the images thoughtfully divided
into training(2,200 images) and testing sets(518). We
also added new images to the original dataset that
simulate different real-world challenges. The added
scenarios include overexposure, underexposure,
dents, occlusion (blending), corrosion, fading, peel-
ing, and cracking. We added occlusion scenarios by
introducing overlap images of construction activities,
overgrown trees, and buildings.
3.3 Data Split
The dataset is distributed into an 80% training set and
a 20% testing set. This was chosen to ensure a balance
between sufficient data for training and a robust set
for evaluating model performance.
3.4 Challenging Situations Handling
Addressing real-world challenges was central to our
methodology. Robust augmentation strategies were
applied to the training set, incorporating various
filters and effects. For instance, overexposure and
underexposure challenges were simulated through
adjustments in image exposure parameters. Dents

were introduced through localized deformations,
while occlusion was mimicked using blending tech-
niques. Corrosion, fading, peeling, and cracking were
replicated through texture alterations. We simulated
the fog condition by adding semi-transparent layers
of white noise. We also used blur filters with reduced
contrast to which created visibility reduction as seen
or observed in the foggy conditions. For rain augmen-
tation we added the semi transparent lines (visual
noise streaks). We reduced the image contrast and
brightness to simulate low visibility scenarios, making
it harder for the algorithm to identify signs.
3.5 Base Deep Learning Model
For training the deep learning model we used was Effi-
cientNet. This is known for being fast and accurate in
image classification tasks. We chose the EfficientNetB3
version because it has shown a good balance between
performance and efficiency. We fine-tuned the model
using our dataset.
3.6 Model Customization
In figure 4 we present the flow of information through
the layers of the proposed model, from the input
through the EfficientNetB3 backbone, attention layer,
flattening layer, fully connected layers with ReLU
activation, and finally, the output layer with softmax
activation.
3.6.1 Base Model: EfficientNetB3
EfficientNetB3 is a pre-trained convolution neural net-
work (CNN) that is used in the classification of images.
It forms the basis feature extractor of our model. This
layer learns complex patterns of hierarchical features
of input images.
3.6.2 Attention Layer
Attention layer is integrated to make the model
more focused on particular regions. It looks at the
context based on the output and input tensor of the
base model. The attention mechanism enables the
model to dynamically weight various inputs enhancing
feature extraction.

152



VFAST Transactions on Software Engineering Volume 13, Issue 4, 2025

Table 1. Summary of Existing Traffic Sign Classification Approaches
Author/Year Dataset Used Method/Architecture Reported Accuracy Limitations

[19] GTSRB CNN 98.5% Limited to German signs
[20] GTSRB Hybrid CNN 99.6% Not real-time, lacks Arabic applicability
[21] Belgian Dataset CNN + Augmentation 97% Limited dataset diversity
[22] Custom Arabic dataset Faster RCNN 92% Struggles with occlusion & lighting
[23] GTSRB + Real-world images ResNet-50 99% High computation cost
Proposed Saudi Arabic TSR Dataset EfficientNetB3 + Attention 99.61% Computational demand (manageable with GPUs)

(a) Sample Image showing Overex-
posure

(b) Sample Image showing Underex-
posure

Figure 3. Sample Images Showing Illumination Variations

3.6.3 Flattening Layer
The flattening layer converts the output to a one
dimensional output ready to receive the following
fully connected layers. Flattening simplifies the data
of dense layers and reduces the multi-dimensional
result to a flat one.
3.6.4 Fully Connected Layers with

Regularization
Two dense (fully connected) layers are added, each
with ReLU activation and L2 regularization.The first
layer consists of 256 hidden units, and the second one
consists of 128. These layers introduce non-linearity,
capturing intricate patterns. Regularization acts to
avoid the overfitting through penalizing large weight
values.
3.6.5 Output Layer
The last dense layer is the output layer with the use
of softmax activation. The classes in the dataset (24 in
this case) are the number of nodes. The use of softmax
activation gives probabilities of classes, whichmakes it

possible to use multi-class classification. Every node is
the probability of themembership to a particular class.

In table 2 below lists the most important hyperpa-
rameter that was employed in our model structure.
These parameters entail parameters of the base
EfficientNetB3 model, the attention layer, density
layers, output layer, as well as compilation param-
eters. Experimentation and optimization of these
hyperparameters were done based on performance
evaluations.
4 Results and Discussion
Themodel was trained in 15 epochs with a dataset size
of 69 batches in each epoch. The model was able to
significantly reduce the loss and increase the accuracy
during training. The training loss and correctness rate
of the first epoch were 8.9592 and 76.32 percent, re-
spectively. The loss also steadily declined in the later
epochs to a low of 0.6338 in the last epoch, with ac-
curacy of 98.59 percent. This means that the model
successfully acquired complex patterns in the data at-
taining a high degree of accuracy.
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Figure 4. Block Diagram of Proposed Model Architecture

The training process was used to get validation re-
sults to evaluate the generalization capabilities of the
model. This model had low validation loss of 6.0198
during the first epoch with peak at 0.4860 during the
last epoch. The validation accuracy was elevated to a
whopping 99.61 percent as compared to 87.26 percent,
which proves the strength of themodel and its general-
ization to the unknown data. Figure 5 shows the train-
ing accuracy and loss curves of the model.

After training, the model was tested on a different
test sample to determine how it performs on samples
that were not seen before. Loss on the test was at
0.4715 and was accurate at 99.61. These findings are
consistent with the great training accuracy and valida-
tion accuracy, which indicates the success of themodel
in providing accurate predictions on novel and differ-
ent samples.

The confusion matrix provides a graphic represen-
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Table 2. Model Hyperparameters For Each Layer
Layer Hyperparameter Value/Description
EfficientNetB3 Base Model weights ’imagenet’ (pre-trained on ImageNet)
EfficientNetB3 Base Model include_top False (Exclude final fully connected layer)
EfficientNetB3 Base Model input_shape (224, 224, 3) (Input image dimensions)
Attention Layer input_tensor Input tensor for attention layer
Sequential Model Sequential model Combining EfficientNetB3 and Attention
Dense Layer (1st) units 256
Dense Layer (1st) activation ’relu’
Dense Layer (1st) kernel_regularizer l2(0.01)
Dense Layer (2nd) units 128
Dense Layer (2nd) activation ’relu’
Dense Layer (2nd) kernel_regularizer l2(0.01)
Output Layer units 24 (actual number of classes)
Output Layer activation ’softmax’
Compilation optimizer ’adam’
Compilation loss ’categorical_crossentropy’
Compilation metrics [’accuracy’]

Figure 5. Training and Validation Accuracy and Loss Curves

tation of the model classification performance, which
demonstrates the number of correct and incorrect pre-
dictions by the model in different classes. The matrix
will help to define the possible areas of improvement
and learn which classes are more challenging to the
model. Figure 6 represents the confusion matrix..

Reading the confusion matrix and the heatmap
that it produces in relation to our traffic sign clas-
sification, The diagonal values indicate the number

of correctly classified examples of each class. These
values are largely high in our case which was a good
outcome. Nonetheless, there are those classes whose
values on the diagonal are low, but those off the
diagonal are high. These are the courses in which
our model is doing worse. Considering the classes,
the following ones appear to yield lower correct
classification: classes 6, 11, 12, 13, and 22.

The high accuracy of the model in training, valida-
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Figure 6. Confusion Matrix

tion, and testing, aswell as the detailedmetrics, is a tes-
tament of the success of themodel in learning intricate
patterns in the Arabic traffic sign dataset. The focus on
regularizationmethods has probably also played a role
in the generalizability of its model that overfitting re-
duces and improves its overall performance. All these
findings support the effectiveness of the given architec-
ture, which incorporates the effectiveness of Efficient-
NetB3 with extra attention and dense layers to achieve
high accuracy levels in detecting and classifying Arabic
traffic signs.

When we tested our model with the baseline archi-
tecture [27], we observed that the training accuracy
consistently remained high, reaching approximately
95.83%, while the validation accuracy remained con-
stant at around 95.83% across all epochs. The loss
values also remained stable. This pattern suggests
that the model did not learn from the training data,
as it may not have effectively captured the underlying
patterns or features necessary for generalization.
Hence, the model seems to predict the majority class

(or one class) for all instances, resulting in high accu-
racy on both the training and validation sets. Thus,
the simple CNN may be overfitting the model. The
comparison of our model with the baseline model is
presented in Table 3.
5 Conclusions
The proposed traffic sign classification model we
have used EfficientNetB3 architecture with attention
mechanisms. During training, the model consis-
tently improved, achieving a final accuracy of 98.59%.
Validation and testing phases further validated its
robustness, yielding impressive accuracies of 99.61%.
The confusion matrix highlighted strong overall per-
formance, yet identified specific classes, such as 6, 11,
12, 13, and 22, where the model struggled. Despite
the good performance, limitation of class imbalance
need attention as it potentially impact on model
performance was evident.

In future research we aim to train our model on
multilingual datasets having extensive and diverse col-
lection of traffic sign images. This time the augmen-
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Table 3. Comparison of EfficientNet with CNN
Model Training Accuracy Validation Accuracy Testing Accuracy Training Time (s) Testing Time (s)
Simple CNN 91.23 91.02 92.00 2918 15
ResNet35 95.83 95.83 95.83 3597 21
EfficientNet 98.59 99.61 99.61 5553 12

tation ratio must be kept high to have more resilient
and robustmodel training. We plan to implement GAN
as our baseline model in future with de-hazing and de-
raining modules as separate layers. This will help us in
augmenting the dataset with synthetic images simulat-
ing many edge cases scenarios like heavy snow accu-
mulation or extreme sun glare that are rare in current
training sets.
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