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Abstract

The rapid development of smart cities in the Arab region has accelerated the growth of 
Intelligent Transportation Systems (ITS), in which automatic traffic sign recognition plays 
an essential role in supporting road safety and intelligent vehicle applications. However, 
recognising Arabic traffic signs remains challenging due to the complexity of Arabic script. 
In addition, the limited computational and memory resources of automotive hardware 
highlight the need for compact and accurate recognition models. To address these chal-
lenges, this study proposes a framework that integrates supervised contrastive learning 
with magnitude-based pruning. Supervised contrastive learning enhances discriminative 
feature representations, while magnitude-based pruning introduces sparsity by removing 
low-magnitude weights. Four main configurations, namely the end-to-end ResNet50V2 
baseline, the pruned baseline, the two-stage SCL model and the pruned SCL model, were 
evaluated across ten random seeds. The SCL model achieved an accuracy of 98.90 ± 0.50%, 
significantly higher than that of the end-to-end baseline (98.47 ± 0.28%; 𝑝 = 0.016, unad-
justed). Magnitude-based pruning achieved 80% sparsity in the Dense-layer weights while 
preserving classification performance, with the pruned baseline and pruned SCL models 
achieving accuracies of 99.07% and 99.00%, respectively. Furthermore, pruning reduced the 
gzip-compressed model size by approximately 3.4%, whereas int8 quantisation reduced 
the model size from 99.35 to 25.48 MB. These findings indicate that the integration of SCL 
with magnitude-based pruning can maintain high recognition accuracy while introducing 
weight sparsity, highlighting its potential for future applications in ITS.

Keywords: contrastive learning; deep learning; Intelligent Transport Systems; pruning; 
ResNet50V2; traffic sign recognition

1. Introduction
Image recognition is an important area of computer vision that enables machines to 

recognise and classify visual information based on features and patterns extracted from 
images. There are numerous applications of image recognition across various fields, in-
cluding medicine, transport, archaeology, and environmental science. In medicine, image 
recognition supports disease diagnosis through skin lesion and melanoma analysis [1–3], 
blood cell identification [4], human peripheral blood leukocyte classification [5–7], and 
online identity authentication of blood smears [8]. Within transport, it is applied to traffic 
sign recognition [9–11], ship type classification [12], and driving behaviour classifica-
tion [13]. Other applications of image recognition include fossil [14] and artefact clas-
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sification [15], lithic microwear classification [16], archaeological site identification [17], 
and cultural heritage documentation in archaeology and palaeontology [18]. Additionally, 
in environmental science, it is used for land-use and land-cover classification [19], forest 
disturbance detection [20], plant disease detection and classification [21], and water-quality 
assessment [22]. The importance of image recognition in these areas lies in its ability to re-
duce manual effort and improve the accuracy and efficiency of visual data analysis. Among 
the various applications of image recognition, traffic sign recognition is particularly impor-
tant for road safety, as accurate and timely recognition of traffic signs is a key requirement 
for advanced driver-assistance systems (ADAS) and autonomous vehicles.

Traffic sign recognition is also an essential component of Intelligent Transportation 
Systems (ITS), which are used in smart cities to manage urban traffic and address road safety 
issues. These systems employ technologies such as machine learning algorithms, sensor 
networks, and real-time data analytics to monitor, evaluate, and optimise multimodal 
transportation systems [23–25]. Within ITS, automated traffic sign recognition (ATSR) 
contributes to applications such as autonomous driving and smart traffic management 
infrastructure [26–29]. The development of ITS has become particularly relevant in the 
Middle East, where rapid urbanisation has made the region one of the most urbanised areas 
in the developing world, with over 60% of the population living in urban centres [30]. This 
rapid urban growth has increased the need for advanced traffic management systems to 
address complex transportation challenges.

Recent advances in deep learning models have significantly impacted computer 
vision tasks such as traffic sign recognition, with notable progress having been made 
for European [31–34], North American [35,36], and East Asian traffic sign recognition 
problems [37–39]. However, Arabic traffic sign (ArTS) recognition has received compara-
tively less research attention despite the growing interest in autonomous vehicles and ITS 
infrastructure across Arabic-speaking regions.

Arabic traffic signs present distinct recognition challenges that differentiate them from 
Western signage systems. The morphological complexity of Arabic script, characterised 
by right-to-left text orientation and context-dependent character variations, presents sig-
nificant challenges. Additionally, the integration of Indian numerals introduces unique 
recognition difficulties [40,41]. Furthermore, subtle typographical differences, especially 
the presence or absence of diacritical marks (tashkeel), can significantly change meaning, 
requiring recognition systems to achieve high precision. The design paradigms and visual 
characteristics of Middle Eastern signage differ from Western standards, which may limit 
the effectiveness of directly applying recognition models trained on Western traffic sign 
datasets and motivate domain-specific adaptation.

Although deep learning-based computer vision systems have achieved remarkable 
success across various recognition tasks, their application to domain-specific recognition 
problems remains challenging [42]. Many existing approaches rely on conventional transfer 
learning techniques optimised using the widely adopted cross-entropy (CE) objective 
function [43,44]. However, these approaches may face difficulties under challenging visual 
conditions, limited training data, or the domain-specific characteristics encountered in 
Arabic traffic sign recognition [45]. These difficulties become more pronounced when 
recognition must be performed reliably and in real time.

Attention mechanisms have been widely applied in deep learning to improve feature 
extraction by enabling neural networks to focus on informative features while reducing 
the influence of irrelevant information [46]. In CNN-based image recognition, attention 
mechanisms include channel attention, spatial attention, and self-attention. Channel at-
tention assigns different weights to feature channels according to their importance [47], 
whereas spatial attention emphasises relevant regions within an image and helps reduce 
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background interference [48]. Self-attention captures relationships between different image 
regions, enabling models to learn long-range dependencies and contextual information [49]. 
Attention mechanisms have also been incorporated into residual architectures through 
residual attention networks [50] and mixed residual attention networks for medical image 
super-resolution [51]. They have been applied to graph-structured data through graph 
attention networks [52], for example, in joint event extraction using dynamic attention 
matching [53]. These mechanisms have been used in various tasks, including image clas-
sification [46,50], medical image analysis [54], remote sensing [49], single-shot fringe 
projection profilometry using a multi-attention fringe restoration network [55], and knowl-
edge tracing using a cognitive fluctuations enhanced attention network [56]. In traffic 
sign recognition, attention-based approaches have been used to highlight important visual 
features and improve recognition performance [57,58]. They may also be relevant to Arabic 
traffic sign recognition, where distinguishing visually similar signs requires recognising fine 
details, including Arabic text, numerals, and diacritical marks. While attention mechanisms 
enhance feature representations by emphasising relevant visual information, supervised 
contrastive learning offers a complementary approach to improving feature discrimination 
through the training objective.

Supervised contrastive learning (SCL) has emerged as a promising alternative to 
conventional cross-entropy optimisation by explicitly learning discriminative feature em-
beddings through the optimisation of the embedding space [59,60]. Unlike traditional 
methods that optimise individual sample classification through direct class prediction, SCL 
learns representations through relational optimisation, wherein intra-class samples are 
encouraged to form compact clusters while inter-class samples are pushed further apart in 
the embedding space [61]. These properties make SCL a promising approach for Arabic 
traffic sign recognition, where visually similar classes need to be distinguished accurately.

However, implementing complex deep learning models in practical ITS applications 
presents challenges related to computational and resource limitations [62]. Automotive 
hardware platforms place more stringent requirements on model size, inference latency, and 
power consumption, necessitating efficient network compression methods that maintain 
high recognition accuracy while meeting deployment constraints [63]. Model pruning has 
emerged as an effective compression technique that systematically identifies and removes 
less important network connections while preserving critical feature representations. Dur-
ing the pruning process, connections with weights below a predetermined threshold are 
eliminated, creating a sparse network architecture [64]. The pruned model is subsequently 
fine-tuned to compensate for any accuracy degradation resulting from weight removal. 
Unstructured pruning reduces the number of non-zero parameters, although improvements 
in model storage and inference speed depend on how the sparse model is stored and exe-
cuted. The challenge lies in developing frameworks that can achieve the accuracy-efficiency 
trade-offs necessary for potential deployment in resource-constrained ITS applications. The 
main contributions of this study are as follows:

• We develop a ResNet50V2-based transfer learning framework for Arabic traffic sign 
recognition to compare end-to-end baseline and supervised contrastive learning mod-
els, both with and without pruning.

• We investigate the integration of supervised contrastive learning with magnitude-based 
Dense-layer pruning to evaluate their effects on recognition accuracy and model sparsity.

• We conduct a controlled multi-seed evaluation of end-to-end, supervised contrastive, 
and cross-entropy two-stage training strategies, alongside model compression and com-
putational efficiency, to assess their potential for resource-constrained ITS applications.

The remainder of this paper is structured as follows. Section 2 provides a review of the 
relevant literature on traffic sign recognition. Section 3 presents the proposed framework, 
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encompassing transfer learning, supervised contrastive learning, and magnitude-based 
pruning. Section 4 details the dataset, evaluation metrics, implementation settings, and 
experimental findings. Finally, Section 5 summarises the main conclusions and discusses 
directions for future research.

2. Literature Review
Traffic Sign Recognition (TSR) has made significant progress through deep learning 

methods; however, there are still major challenges in recognizing non-Latin scripts, espe-
cially Arabic traffic signs. This section offers a thorough review of the latest TSR techniques 
and highlights the key research gaps that this study aims to address.

In [40], the authors proposed a modified ResNet architecture for Arabic traffic sign 
classification using the ArTS dataset. They adopt a strategy for the repeated stacking of 
ResNet blocks to form increasingly deeper networks that allow control over the network 
complexity. This repeated structure brings the optimized ResNet V1 to 96.14% test accuracy, 
and the ResNet V2 to 94.40% test accuracy, both higher than their standard counterparts.

Khalifa et al. [65] introduced a Lightweight and Efficient Convolutional Neural Net-
work (LE-CNN) for Arabic traffic sign recognition that achieves a test accuracy of 96.5% on 
the ArTS and ATTICA datasets. Their LE-CNN architecture comprises three convolutional 
blocks (each followed by rectified linear unit (ReLU) activation and max-pooling), three 
dropout layers, a flattening stage, and a final softmax output. During training, 32 × 32 red, 
green and blue (RGB) images are augmented, and hyperparameters are set to a learning rate 
of 0.001 with the Adam optimiser, 32 sample mini-batches, and 100 epochs. Performance is 
validated via 5-fold stratified cross-validation to preserve class balance.

A comprehensive evaluation of six deep-learning architectures (MobileNetV2, Efficient-
NetB0, DenseNet121, ResNet50, InceptionV3, and NASNetLarge) was carried out on the 
ArTS traffic sign dataset [41]. After extensive preprocessing (scaling, random rotations, flips, 
translations, and normalisation), each model was trained using a 5-fold cross-validation 
scheme (10 epochs per fold) with an Adam optimiser (learning rate = 0.001), a batch size of 
32, and either ReLU or Swish activations. DenseNet121 achieved the highest performance, 
achieving 98.52% validation accuracy and 96.54% test accuracy. The authors recommend 
transfer learning from more diverse datasets, adding new sign categories, and applying 
real-time data augmentation to enhance recognition of rare traffic signs.

Wang et al. [33] address the challenge of reducing computational costs in large-scale 
traffic sign recognition systems through a novel pruning framework. Their approach com-
bines: (1) image preprocessing (normalisation, enhancement), (2) Vision Transformer (ViT) 
pre-training, and (3) model optimization via joint loss minimization (LLE + ADMM-based 
terms), followed by (4) filter pruning using JS-divergence to evaluate and remove redundant 
filters. Evaluated on the BelgiumTS and GTSRB datasets, their SJ-LLE method outperforms 
existing pruning techniques (ASFP, HYDRA, Filter, FPGM), achieving a 70% pruning ratio 
with minimal accuracy loss (1.90% at 50%, 2.69% at 70% pruning). While demonstrating 
state-of-the-art efficiency, the study notes key limitations: (1) unexplored trade-offs between 
model compression and energy consumption in real-world deployments, and (2) potential 
for further compression ratio improvements. Future work could extend this framework to 
resource-constrained edge devices in autonomous vehicles, where computational efficiency 
is critical.

Valiente et al. [34] present an adaptive hierarchical framework with contrastive ag-
gregation (HF-CA) for few-shot traffic sign classification to address the critical challenge 
of learning from limited labeled data. Their approach combines four key components: 
(1) adaptive hierarchical categorization of traffic signs based on semantic relationships, 
(2) contrastive aggregation to effectively utilize unlabeled data for sample augmentation, 
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(3) specialized few-shot classifiers for each hierarchical category, and (4) an iterative evalu-
ation mechanism to refine the classification hierarchy. Evaluated on GTSRB and Mapillary 
datasets, the framework demonstrates significant performance improvements across differ-
ent noise conditions through contrastive aggregation.

Chen et al. [37] propose a semi-supervised learning (SSL) scheme by combining 
encoder-decoder using transformer and CNN to extract traffic sign characteristics from 
vehicle panoramic images. This approach provided enhancements in F1-Score evaluation 
compared to the conventional object detection algorithms, reaching a 0.9% improvement on 
Tsinghua-Tencent 100K dataset and 1.1% enhancement on SSW dataset. However, this work 
largely focused on detection accuracy, gives little or no attention to model compression and 
does not address deployment efficiency requirements for automotive systems operating 
under resource constraints.

An enhanced Mask R-CNN framework (RM R-CNN) is proposed for automatic traffic 
sign recognition in Indian road environments, specifically designed to address regional 
driving challenges through end-to-end learning approaches [66]. The proposed framework 
was evaluated with an innovative dataset of 6480 images containing 7056 instances of Indian 
traffic signs across 87 categories, captured in real time from Indian roads. To overcome 
limitations of traditional Mask R-CNN, the study incorporates various architectural im-
provements and advanced data augmentation strategies, focusing on extremely challenging 
categories of Indian traffic signs not previously documented in research. The results show 
a less than 3% error rate and 97.08% precision for the improved model, outperforming 
standard Mask R-CNN and Faster R-CNN architectures.

In contrast to previous studies outlined in Table 1, this study investigates the integra-
tion of supervised contrastive learning and magnitude-based pruning for Arabic traffic 
sign recognition, with a focus on evaluating classification performance and compression 
efficiency. Although recent studies have been successful in improving Arabic traffic sign 
recognition (ArTR) performance as a result of higher accuracy and lightweight designs, 
none of the available works explores model compression, which is essential for optimization 
of resources. Also, even though pruning approaches have been studied for traffic sign 
detection processes, the existing methods do not solve morphological and linguistic charac-
teristics that are specific to Arabic signage systems and only targeted European databases. 
For a thorough evaluation of our proposed method, we set up a comparative experimen-
tal framework among four different configurations: (1) Transfer learning baseline with 
ResNet50V2, (2) magnitude-based pruned baseline, (3) Supervised contrastive learning 
model, and (4) Contrastive pruning model. This design makes it possible to separate the 
contributions of the two components, just like contrastive learning influences on accuracy 
improvements and pruning effects on model compression in classification models.

Table 1. Summary of key studies on traffic sign recognition.

Study Methodology Dataset/Language Key Findings Gap Addressed

Latif 
et al. [40] Modified ResNet architecture ArTS (Arabic traffic 

sign images)

Repeated stacking 
strategy enhances Arabic 
traffic sign recognition

Missing 
compression 
techniques

Khalifa 
et al. [65]

Lightweight CNN (LE-CNN) with 
three convolutional blocks, dropout 
layers, and softmax output

ArTS and ATTICA 
datasets (Arabic 
traffic signs)

High accuracy with a 
focus on computational 
efficiency

Missing 
compression 
techniques
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Table 1. Cont.

Study Methodology Dataset/Language Key Findings Gap Addressed

Alamri 
et al. [41]

Evaluation of six deep learning 
architectures (MobileNetV2, 
EfficientNetB0, DenseNet121, 
ResNet50, InceptionV3, NASNetLarge)

ArTS dataset (Arabic 
traffic signs)

DenseNet121 achieved 
the highest performance

Missing 
compression 
techniques

Wang 
et al. [33]

Pruning framework combined with ViT 
pre-training

BelgiumTS and GTSRB 
datasets (European 
traffic signs)

Substantial model 
compression with little 
accuracy loss

Focused on 
European traffic 
signs

Valiente 
et al. [34]

Adaptive hierarchical framework with 
contrastive aggregation (HF-CA)

GTSRB and Mapillary 
datasets (European 
traffic signs)

Significant performance 
improvements across 
different noise conditions

Focused on 
European traffic 
signs

Chen 
et al. [37]

Semi-supervised learning (SSL) 
combining CNNs with a transformer 
encoder–decoder architecture

Tsinghua-Tencent and 
SSW datasets (Chinese 
traffic signs)

Overcomes complex 
backgrounds, 
illumination variations, 
and motion blur

Focused on 
Chinese traffic 
signs

Megalingam 
et al. [66]

Refined Mask R-CNN (RM R-CNN) 
with architectural refinements

Indian traffic 
sign dataset

Outperforms standard 
Mask R-CNN and Faster 
R-CNN

Focused on 
Indian traffic 
signs

3. Proposed Methodology
We investigate a two-stage supervised contrastive learning framework for Arabic 

traffic sign recognition and compare it with an end-to-end transfer learning baseline. Both 
approaches use a pre-trained encoder and a classifier network. In the first stage of the 
two-stage framework, the encoder and a projection head are trained by minimising the 
supervised contrastive loss to learn discriminative feature representations. The encoder 
weights are then frozen, and a new classifier is trained on the learned features using 
cross-entropy loss. To distinguish the effect of the contrastive objective from that of the 
two-stage training procedure, a cross-entropy two-stage control is also included. The overall 
architecture is illustrated in Figure 1. Furthermore, magnitude-based pruning is applied 
to the Dense layers to induce sparsity. The details of each module are provided in the 
following subsections.

Figure 1. Framework architecture of the end-to-end transfer learning baseline and the two-stage 
supervised contrastive learning approach.
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3.1. Transfer Learning
Transfer learning is among the deep learning techniques that have been recently ap-

plied to solve complex tasks in natural language processing (NLP) and computer vision [67]. 
By utilising pre-trained parameters from large-scale datasets such as ImageNet [68], clas-
sification models can achieve improved performance. This is primarily accomplished by 
pre-training a network on a source domain and subsequently fine-tuning it on a related 
target domain to facilitate the learning of transferable feature embeddings. The widespread 
availability of open-source architectures pre-trained on ImageNet has led to the develop-
ment of robust and computationally efficient baselines across multiple domains, including 
image classification and other computer vision tasks.

Our base model follows a two-module transfer learning architecture consisting of 
a pre-trained feature encoder and a task-specific classifier. The encoder module utilises 
ResNet50V2 to capture high-level feature representations from input images, serving as the 
main component of the recognition pipeline [69]. ResNet50V2 extends the original ResNet50 
architecture by employing pre-activation residual units and identity shortcut connections 
to improve information and gradient propagation [69]. These residual connections ease 
the optimisation of very deep networks and address the degradation problem, in which 
the accuracy of plain networks deteriorates as depth increases, thereby improving the 
trainability of deep networks [70].

As shown in Table 2, ResNet50V2 begins with a stem consisting of a 7 × 7 convolutional 
layer with stride 2, which produces 112 × 112 feature maps, followed by a 3 × 3 max pooling 
layer with stride 2, which reduces the spatial resolution to 56 × 56. These are followed by 
four consecutive residual block stages (Stages II–V), each comprising several bottleneck 
residual blocks that employ the pre-activation paradigm, where batch normalisation and 
ReLU activation are applied before each convolutional operation. Throughout the network, 
identity shortcut connections allow gradients to propagate directly across layers, mitigating 
the vanishing gradient problem and enabling the training of very deep models. After the 
last residual stage, global average pooling transforms the 7 × 7 × 2048 feature maps into 
2048-dimensional representations.

Table 2. Layer configuration of ResNet50V2 [69,70].

Layer Name (Stage) Output Dimensions Configuration

Initial Convolution (Stage I) 112 × 112 7 × 7 conv, stride 2
56 × 56 3 × 3 max pool, stride 2

Residual Block Group 
(Stage II) 56 × 56 [



1 × 1, 64
3 × 3, 64
1 × 1, 256

]


× 3

Residual Block Group 
(Stage III) 28 × 28 [



1 × 1, 128
3 × 3, 128
1 × 1, 512

]


× 4

Residual Block Group 
(Stage IV) 14 × 14 [



1 × 1, 256
3 × 3, 256
1 × 1, 1024

]


× 6

Residual Block Group 
(Stage V) 7 × 7 [



1 × 1, 512
3 × 3, 512
1 × 1, 2048

]


× 3

Output Layer 1 × 1 Global average pooling (7 × 7)
2048-dimensional feature vector
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The encoder outputs are fed to a task-specific classifier module, which reduces the 
2048-dimensional feature vectors to the final classification using a two-layer fully connected 
network. The first hidden layer has 512 units with ReLU activation, batch normalisation, 
and 50% dropout for regularisation. Subsequently, a second hidden layer further reduces 
the dimensionality to 256 units, with the same normalisation and dropout policy. The 
last layer has a softmax activation function with 24 output units that produces probability 
distributions over the 24 classes in our dataset. The classifier is trained with the Adam 
optimiser and the sparse categorical cross-entropy loss. The encoder can be used in two 
modes: (a) in the end-to-end baseline, the entire network (encoder and classifier) is updated 
during training; (b) in the two-stage models, the encoder is frozen and only the classification 
layers are trained. Additional implementation details are provided in Section 4.

3.2. Supervised Contrastive Learning
Our supervised contrastive learning (SCL) framework uses a two-stage training scheme 

that exploits class label information to learn discriminative features by optimising the 
contrastive loss. Unlike self-supervised contrastive learning methods, which produce 
positive pairs by comparing the augmented views of single images and treat all other samples 
in the batch as negatives, our supervised solution leverages class labels to provide more 
meaningful relationships among samples. In particular, positive pairs are formed by pairs 
of samples from the same class, while negative pairs are formed by pairs of samples from 
different classes. This label-driven approach is designed to promote intra-class compactness 
and inter-class separation in the embedding space [71].

Our SCL framework uses the same ResNet50V2 encoder architecture as the transfer 
learning baseline but follows a different training strategy. Whereas the baseline trains the 
encoder and classifier end-to-end using cross-entropy loss, SCL first trains the encoder 
and a projection head using supervised contrastive loss, followed by classifier training 
with the encoder weights frozen. This two-stage procedure allows the encoder to learn 
feature representations without being directly optimised for classification during the first 
stage. During contrastive training, the encoder is trained to bring anchor samples closer 
to positive samples (same class) and further from negative samples (different classes) in 
the embedding space. The similarity between two samples is measured using the cosine 
similarity of their projected embeddings:

sim(𝑧𝑖, 𝑧𝑗) =
𝑧𝑖 ⋅ 𝑧𝑗

‖𝑧𝑖‖ ‖𝑧𝑗‖
, (1)

where 𝑧𝑖 and 𝑧𝑗 are the projection-head outputs, 𝑧𝑖 ⋅ 𝑧𝑗 denotes the dot product of the two 
vectors, and ‖ ⋅ ‖ denotes the Euclidean (L2) norm. Since the embeddings are L2-normalised, 
the dot product between them is equivalent to cosine similarity.

Our supervised contrastive learning framework is broadly divided into four main 
components:
1. Data Augmentation

Data augmentation, Aug(⋅), produces random transformations ˜𝑥 = Aug(𝑥) of each 
input sample 𝑥 to improve the generalisation and robustness of the model. We apply 
a series of geometric and photometric augmentations in our augmentation pipeline. 
The pipeline consists of normalisation, random width and height distortion (±10%), 
random zoom perturbation (±10%), random brightness distortion (±10%), and ran-
dom contrast distortion (±10%). These transformations increase the diversity of the 
training samples while preserving their semantic content, helping the model to become 
less sensitive to visual variations.

2. Base Encoder
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As explained earlier, our base encoder, Enc(⋅), uses a ResNet50V2 architecture pre-
trained on ImageNet to capture high-level feature representations. The augmented 
input ˜𝑥 is then processed by the encoder and encoded into a 2048-dimensional repre-
sentation vector:

𝑟 = Enc( ˜𝑥) ∈ R2048 (2)

3. Projection Head
The projection head, Proj(⋅), is a lightweight network that projects the encoder rep-
resentations into a lower-dimensional embedding space for contrastive learning. It 
consists of a Dense layer followed by ReLU and batch normalisation:

𝑧 = BatchNorm(ReLU(Dense128(𝑟))) ∈ R128 (3)

where the projection maps the 2048-dimensional encoder features to 128-dimensional 
embeddings. This dimensionality reduction provides a dedicated space for similarity 
comparisons during contrastive optimisation. The projection head is used only during 
contrastive pre-training and is then discarded, so that the classifier operates on the full 
2048-dimensional encoder representation.

4. Supervised Contrastive Loss
The contrastive loss is calculated on the projected embeddings to learn the geometric 
structure of the feature space. Our supervised contrastive loss exploits class label 
information to define informative positive and negative pairs, where instances of the 
same class are pulled together and instances of different classes are pushed apart. The 
loss of the network is defined by the supervised contrastive loss function, as formulated 
in Equation (4).

ℒsup = ∑
𝑖∈𝐼

ℒ𝑖 (4)

ℒ𝑖 = −
1

|𝑃(𝑖)| ∑
𝑝∈𝑃(𝑖)

log
exp(𝑧𝑖 ⋅ 𝑧𝑝/𝜏)

∑𝑎∈𝐴(𝑖) exp(𝑧𝑖 ⋅ 𝑧𝑎/𝜏)

In Equation (4), 𝑃(𝑖) ≡ {𝑝 ∈ 𝐼 ∶ 𝑦𝑝 = 𝑦𝑖, 𝑝 ≠ 𝑖} is the set of all positive samples 
taken from the same class as anchor 𝑖 but excluding the anchor itself, and |𝑃(𝑖)| is the 
total number of positive samples in the batch for that class. 𝐴(𝑖) ≡ {𝑎 ∈ 𝐼 ∶ 𝑎 ≠ 𝑖}
represents all samples in the batch excluding the anchor 𝑖 itself, encompassing both 
positive samples (same class) and negative samples (different classes). This supervised 
framework is fundamentally different from self-supervised contrastive methods, which 
select positive and negative pairs based on views of the same image rather than on 
ground-truth class labels. The temperature 𝜏 controls how sharply the similarities are 
distributed, with lower values producing more confident predictions and tighter class 
clusters in the embedding space. In all experiments, 𝜏 = 0.1, and the loss is averaged 
over all anchors in the batch.

3.3. Cross-Entropy Two-Stage Control
To distinguish the effect of the supervised contrastive learning objective from that of 

the two-stage training procedure, we additionally train a cross-entropy (CE) two-stage 
control model. It uses the same ResNet50V2 encoder architecture, data augmentation, 
fixed 50-epoch first stage without early stopping, and second-stage training procedure as 
the SCL model. However, in the first stage, the encoder is trained using a linear softmax 
classification head and cross-entropy loss instead of the projection head and supervised 
contrastive loss. As in SCL, the first-stage head is then discarded, the encoder is frozen, and 
the same classifier architecture is trained in the second stage. This controlled comparison 
allows us to examine whether the performance differences are associated with the first-stage 
learning objective under a matched two-stage training procedure.
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3.4. Pruning
In Intelligent Transportation Systems (ITS), where computational and memory re-

sources are often constrained, model compression is important for reducing memory and 
computational requirements while maintaining predictive accuracy. We use TensorFlow’s 
magnitude-based unstructured pruning framework, which ranks weights by their absolute 
magnitude and zeroes out the smallest values until reaching a target sparsity level [72]. 
A visual representation of the magnitude-based unstructured pruning process is shown 
in Figure 2. To preserve the convolutional feature extraction layers, we apply magnitude-
based pruning only to Dense layers while keeping all convolutional layers unpruned. This 
approach preserves the network architecture and maintains the same total number of pa-
rameters, with pruned weights set to zero instead of being structurally removed. To stabilise 
training and avoid sudden weight removal, the sparsity progression follows a polynomial 
decay schedule:

𝑆(𝑡) = 𝑆final + (𝑆initial − 𝑆final) × (1 −
𝑡
𝑇 )

𝑝
(5)

where 𝑆(𝑡) represents the sparsity level at training step 𝑡, 𝑇 denotes the number of steps 
over which sparsity is increased, and 𝑝 is the polynomial power. The pruning threshold is 
determined separately for each Dense layer 𝑙 from the magnitudes of its kernel weights 𝑊(𝑙):

𝑞(𝑙)
𝜆 ∶= quantile({|𝑤(𝑙)

𝑖 | ∶ 𝑤(𝑙)
𝑖 ∈ 𝑊(𝑙)}; 𝜆), (6)

where 𝜆 = 𝑆(𝑡). The pruning operation is defined as:

𝑤(𝑙)
𝑖,𝜆 =

{


0, if |𝑤(𝑙)
𝑖 | ≤ 𝑞(𝑙)

𝜆 ,
𝑤(𝑙)

𝑖 , otherwise,
𝑙 ∈ 𝒟, (7)

𝒟  denotes the set of Dense layers selected for pruning. This operation sets a fraction 𝜆 of 
the kernel weights in each Dense layer to zero, while leaving bias terms unpruned.

Figure 2. Illustration of magnitude-based unstructured pruning [73]. The original dense network 
(left) contains all connections, while the pruned sparse network (right) shows reduced connectivity 
after eliminating low-magnitude weights.

In our experiments, sparsity increases from an initial value of 30% to a final value of 
80% over the first 20 of 30 fine-tuning epochs, with a polynomial power of 3. The pruning 
masks are updated every 100 training steps, and the target sparsity is maintained during the 
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remaining epochs. Model selection is restricted to epochs after the target sparsity has been 
reached, based on the lowest validation loss. During fine-tuning, the end-to-end baseline 
updates both the encoder and classifier, whereas the two-stage models keep their encoders 
frozen and update only their classifier heads. After fine-tuning, the pruning wrappers are 
removed, preserving the original network architecture and total parameter count while 
retaining the pruned weights as zeros. Figure 3 illustrates the overall architecture of the 
proposed pruning framework.

Figure 3. Framework architecture of the pruned end-to-end baseline and the pruned two-stage 
supervised contrastive learning approach.

4. Experimental Results
This section presents the dataset, evaluation metrics and implementation settings, 

followed by the multi-seed classification results, an ablation study of the training objective, 
the model size and computational cost analysis, a comparison with previously reported 
methods, and an error analysis.

4.1. Dataset
This study uses the Arabic traffic sign (ArTS) dataset developed at Prince Mohammad 

Bin Fahd University in Al Khobar, Kingdom of Saudi Arabia [74]. It is an open-source 
dataset for research on traffic sign recognition and autonomous vehicle applications. It was 
created to address the lack of resources for Arabic traffic sign recognition and supports 
applications such as autonomous vehicle navigation, intelligent traffic monitoring and 
driving safety. The ArTS dataset is a collection of 2718 images representing the 24 Arabic 
traffic signs most frequently encountered in Saudi Arabia, as shown in Figure 4. These 
images were systematically collected from three neighbouring cities, Al Khobar, Dammam 
and Dhahran, to ensure broad representation. In the original release, the dataset is split 
into 2200 training and 518 test images. For this study, the 2200 training images are further 
divided into 1650 training and 550 validation images using stratified sampling with a fixed 
random seed, while the original 518 test images remain unchanged (Figure 5). This split is 
performed only once and remains consistent across all experimental runs. The validation 
set is used for early stopping and model selection, whereas all reported performance results 
are obtained from the test set.
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Figure 4. Examples of Arabic traffic signs (modified from ArTS dataset [74]).

Figure 5. Class distribution of the 24 traffic sign classes in the training, validation and test sets of the 
ArTS dataset.
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4.2. Evaluation Metrics
The performance of the proposed models was assessed using the standard evaluation 

metrics, namely accuracy, precision, recall, F1-score. Accuracy measures the proportion of 
correctly recognised traffic signs out of all samples, providing an intuitive overall assessment 
of performance.

Accuracy =
1
𝑁

𝐶
∑
𝑐=1

𝑇𝑃𝑐, (8)

F1-score𝑐 = 2 ⋅
Precision𝑐 × Recall𝑐
Precision𝑐 + Recall𝑐

, (9)

where

Precision𝑐 =
𝑇𝑃𝑐

𝑇𝑃𝑐 + 𝐹𝑃𝑐
, (10)

Recall𝑐 =
𝑇𝑃𝑐

𝑇𝑃𝑐 + 𝐹𝑁𝑐
. (11)

where 𝑇𝑃𝑐, 𝐹𝑃𝑐 and 𝐹𝑁𝑐 denote the numbers of true positives, false positives and false 
negatives for class 𝑐 in a one-vs-rest evaluation. Here, 𝐶 = 24 represents the number of 
classes, and 𝑁 denotes the total number of test images. Accuracy measures the proportion 
of correctly classified images, while precision, recall and F1-score are calculated separately 
for each class and then averaged across all classes, weighted by the number of test images 
in each class.

However, accuracy may not adequately represent the classifier’s efficacy in cases with 
substantial class imbalance. Precision measures the proportion of correct positive pre-
dictions relative to all positive predictions, while recall measures the proportion of true 
positives relative to all actual positive instances. The F1-score, defined as the harmonic 
mean of precision and recall, accounts for both false positives and false negatives. This 
makes it particularly relevant for Arabic traffic sign recognition, where some sign categories 
occur less frequently than others.

4.3. Evaluation Protocol and Statistical Analysis
All models are trained and evaluated using the data split described in Section 4.1. To 

assess the stability of the results, the main configurations (baseline, SCL, CE two-stage, and 
their pruned versions) are each trained with ten different random seeds (0–9), which affect 
weight initialisation, data augmentation, and batch order. The frozen-ImageNet control 
and the re-trained models from previous studies are also evaluated using multiple random 
seeds. Results are reported as mean ± standard deviation across seeds. Pairwise differences 
between configurations are assessed using two-sided paired t-tests and Wilcoxon signed-
rank tests on test accuracies obtained from matched random seeds, with a significance level 
of 0.05. A non-significant result indicates no statistically detectable difference under the 
evaluated conditions and does not establish equivalence. The reported p-values are not 
adjusted for multiple comparisons.

4.4. Implementation Details
Following the methodology described in Section 3, we evaluate four main configura-

tions: the end-to-end transfer learning baseline, the pruned baseline, two-stage supervised 
contrastive learning (SCL), and pruned SCL. To examine the effect of the first-stage train-
ing configuration under a matched two-stage procedure, we additionally evaluate the 
cross-entropy (CE) two-stage control and its pruned version (Section 3.3), as well as a 
frozen-ImageNet control, in which the ImageNet-pretrained encoder is kept frozen and only 
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the classifier is trained. All ResNet50V2-based configurations use an ImageNet-pretrained 
encoder with input images of 224 × 224 × 3 pixels. The common training settings are as 
follows, with stage-specific differences described below:
• Batch size: 16
• Learning rate: 1 × 10−4

• Optimiser: Adam
• Cross-entropy classifier training (baseline and second stages): up to 50 epochs with 

early stopping (patience of 8 epochs based on the validation loss, restoring the 
best weights)

In the baseline configuration, the encoder and classifier are trained end-to-end using the 
shared hyperparameters listed above and the sparse categorical CE loss. The SCL configura-
tion begins by training the encoder together with the projection head (a 128-unit Dense layer 
with ReLU activation and batch normalisation) using the supervised contrastive loss with a 
temperature of 0.1 for a fixed 50 epochs, without early stopping. During the second stage, 
the projection head is discarded, the encoder is frozen, and the classifier is trained with the 
CE loss using the settings listed above. The CE two-stage control follows the same schedule, 
including a fixed 50-epoch first stage without early stopping, but uses a linear softmax head 
and the CE loss instead of the projection head and the supervised contrastive loss in the 
first stage. The same batch size, learning rate and optimiser are used in all training stages, 
including contrastive pre-training and pruning fine-tuning.

The pruned configurations are initialised from their corresponding trained models. 
Magnitude-based unstructured pruning is applied exclusively to the Dense layers over 
30 fine-tuning epochs. Sparsity gradually increases from 30% to 80% during the first 
20 epochs, using a polynomial decay schedule with a power of 3 and pruning masks 
updated every 100 training steps. The target sparsity of 80% is then maintained for the re-
maining epochs. Rather than applying early stopping, the model with the lowest validation 
loss is selected from the epochs after the target sparsity has been reached. All reported 
pruned models achieved 80.0% sparsity in their Dense-layer kernels, corresponding to ap-
proximately 3.8% sparsity across all model parameters, as the convolutional layers remain 
unpruned. During pruning fine-tuning, the baseline model updates both the encoder and 
classifier weights, whereas the two-stage models retain their frozen encoders and update 
only the classifier weights.

All experiments were carried out on a computer system equipped with an AMD 
Ryzen 7 5800H central processing unit (CPU), 16 GB of random-access memory (RAM), 
and an NVIDIA GeForce RTX 3060 Laptop graphics processing unit (GPU) with 6 GB 
of dedicated memory. The implementation was developed using TensorFlow 2.10 as the 
primary deep learning framework. Model pruning was carried out with the TensorFlow 
Model Optimization Toolkit (version 0.8), while evaluation metrics and statistical tests were 
computed using scikit-learn (version 1.7.2) and SciPy (version 1.10.1), respectively.

4.5. Measurement of Model Size and Inference Cost
To ensure consistent model size measurements, all models are saved in the same 

format without optimiser states. We report the sizes of the weights-only HDF5 files, their 
gzip-compressed versions, and the float32 and full-integer int8 TensorFlow Lite models. 
For int8 quantisation, 100 training images are used as a representative dataset to calibrate 
activation ranges. Model sizes are reported in decimal megabytes (1 MB = 106 bytes), 
while computational complexity is measured in floating-point operations (FLOPs) of the 
inference graph. The inference benchmarking settings are summarised in Table 3.
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Table 3. Inference benchmarking configurations.

Framework Device Measured Runs Warm-Up Runs

TensorFlow GPU 200 20
TensorFlow CPU 200 20
TensorFlow Lite (float32) CPU 100 10
TensorFlow Lite (int8) CPU 3 1

All latency measurements are conducted with a batch size of one and reported as 
the median inference time. Both TensorFlow Lite models are evaluated on the same CPU 
under identical runtime settings, using 16 CPU threads. Peak GPU memory usage during 
inference is also recorded. Due to the long per-image runtime, int8 latency is measured 
over only three runs and is therefore considered indicative rather than a precise benchmark. 
Since unstructured pruning retains the dense computational graph, reductions in FLOPs or 
inference latency are not expected without sparse execution support. Latency and memory 
measurements are performed using the first random seed, while agreement between int8 and 
float32 predictions is assessed on a class-stratified subset of 120 test images (five per class).

4.6. Results and Discussion
This subsection presents the experimental results and discusses the classification 

performance, ablation study, model size and computational cost, comparison with previous 
studies, and error analysis.

4.6.1. Classification Results
We present the classification performance of the four main configurations evaluated 

over ten random seeds in Table 4. The end-to-end baseline achieved a mean accuracy of 
98.47 ± 0.28%, while the two-stage SCL model achieved 98.90 ± 0.50%, representing a 
paired mean improvement of 0.42 percentage points (pp) (paired t-test, 𝑝 = 0.016; Wilcoxon 
signed-rank test, 𝑝 = 0.033). SCL outperformed the baseline in seven of the ten seeds, 
with one tie. Although SCL achieved a higher mean accuracy, its larger standard deviation 
indicates greater variability across random seeds. The weighted precision and F1-score 
followed a similar pattern, consistent with the accuracy results. In terms of classification 
errors, SCL reduced the average number of misclassified images from 7.9 to 5.7 out of 
518 test images per run. All reported p-values are unadjusted for multiple comparisons 
(Section 4.3).

Table 4. Classification performance of the four main configurations on the ArTS test set (%; mean ± SD 
over 10 random seeds). Errors are the number of misclassified test images per run (out of 518).

Method Accuracy Precision Recall F1-Score Errors

End-to-end baseline 98.47 ± 0.28 98.58 ± 0.25 98.47 ± 0.28 98.48 ± 0.28 7.9 ± 1.4
Pruned baseline 99.07 ± 0.27 99.14 ± 0.24 99.07 ± 0.27 99.07 ± 0.27 4.8 ± 1.4
SCL two-stage 98.90 ± 0.50 98.96 ± 0.48 98.90 ± 0.50 98.90 ± 0.50 5.7 ± 2.6
Pruned SCL 99.00 ± 0.54 99.07 ± 0.46 99.00 ± 0.54 99.00 ± 0.52 5.2 ± 2.8

 

Precision, recall and F1-score are weighted by the number of test images per class; weighted recall 
therefore equals accuracy.

Regarding the effect of magnitude-based pruning, applying 80% sparsity to the Dense-
layer weights preserved classification performance in both main configurations. For the 
baseline, mean accuracy increased from 98.47% to 99.07%, representing a paired improve-
ment of 0.60 ± 0.31 pp (paired t-test, 𝑝 < 0.001; Wilcoxon signed-rank test, 𝑝 = 0.004), with 
higher accuracy in nine of the ten seeds and one tie. In contrast, SCL showed a smaller 
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improvement of 0.10 ± 0.25 pp, which was not statistically significant (𝑝 = 0.25). The 
difference between the pruned SCL and pruned baseline models was also not statistically 
significant (−0.08 pp, 𝑝 = 0.67). Two factors may contribute to the observed accuracy 
improvement. First, magnitude-based pruning removes weights with small absolute val-
ues, reducing the effective complexity of the Dense layers while retaining the remaining 
connections. This may act as a form of regularisation by limiting overfitting and improving 
generalisation to unseen data. However, the same Dense layers were pruned to 80% spar-
sity in the two-stage models without a significant change in accuracy, suggesting that this 
potential regularisation effect alone does not explain the larger improvement in the baseline. 
Second, pruning involved 30 additional epochs of fine-tuning, during which the baseline 
continued updating both the ResNet50V2 encoder and classifier, whereas the two-stage 
models updated only their classifiers with frozen encoders. This additional end-to-end 
optimisation may have allowed the baseline to refine its feature representations further, 
contributing to its larger accuracy improvement. However, because sparsity and fine-tuning 
were applied together, their individual contributions to the observed improvement cannot 
be determined from these experiments. Nevertheless, the results demonstrate that 80% 
sparsity in the Dense layers can be achieved while maintaining classification performance.

To further examine the classification results, Table 5 presents the true positive (TP), 
true negative (TN), false positive (FP) and false negative (FN) counts for each configuration, 
summed across the 24 classes using a one-vs-rest approach. The results are reported as 
the mean and standard deviation over ten random seeds. In this multi-class setting, each 
misclassified image contributes one FP to the predicted class and one FN to the actual class. 
Consequently, the total FP and FN counts are equal and correspond to the classification 
errors reported in Table 4. The relatively large TN counts arise because each test image 
is treated as a negative example for the other 23 classes. The per-class results for the SCL 
model, including precision, recall and F1-score, are discussed in Section 4.6.5.

Table 5. True positive (TP), true negative (TN), false positive (FP) and false negative (FN) counts 
per test run (518 images), summed over the 24 classes in a one-vs-rest manner (mean ± SD over 
10 random seeds). These counts underlie the metrics in Table 4 (Equations (8)–(11)).

Method TP TN FP FN

End-to-end baseline 510.1 ± 1.4 11,906.1 ± 1.4 7.9 ± 1.4 7.9 ± 1.4
SCL two-stage 512.3 ± 2.6 11,908.3 ± 2.6 5.7 ± 2.6 5.7 ± 2.6
CE two-stage 512.7 ± 1.8 11,908.7 ± 1.8 5.3 ± 1.8 5.3 ± 1.8
Pruned baseline 513.2 ± 1.4 11,909.2 ± 1.4 4.8 ± 1.4 4.8 ± 1.4
Pruned SCL 512.8 ± 2.8 11,908.8 ± 2.8 5.2 ± 2.8 5.2 ± 2.8
Pruned CE two-stage 512.6 ± 1.8 11,908.6 ± 1.8 5.4 ± 1.8 5.4 ± 1.8

 

In a multi-class setting, each misclassified image counts as one FN for its true class and one FP for the 
predicted class; therefore, the summed FP and FN are equal. TP + TN + FP + FN = 24 × 518 = 12,432 
per run.

Figures 6 and 7 show the training and validation curves of the baseline and SCL 
models over the ten seeds. For the baseline, the validation loss reached its minimum after 
8–18 epochs, after which early stopping ended training. The training accuracy remained 
below the validation accuracy during most epochs because it was computed with data 
augmentation and dropout active. For SCL, the second-stage classifier reached a validation 
accuracy of approximately 98–99% within the first epochs, because the encoder had already 
been trained in the contrastive stage and only the classifier was updated. During pruning 
fine-tuning (Figures 6c,d and 7c,d), the validation accuracy of both models remained within 
a narrow range while the sparsity increased from 30% to 80% and after the target sparsity 
was reached, indicating that removing 80% of the Dense-layer weights did not degrade 
recognition performance.

https://doi.org/10.3390/app162110889

https://doi.org/10.3390/app162110889


Appl. Sci. 2026, 16, 10889 17 of 26

0 5 10 15 20 25
Epoch

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Ac
cu

ra
cy

(a) Unpruned model: accuracy (bold = seed 6)

0 5 10 15 20 25
Epoch

0.0

0.5

1.0

1.5

2.0

2.5

3.0

Lo
ss

(b) Unpruned model: loss (bold = seed 6)

0 5 10 15 20 25 30
Epoch

0.96

0.97

0.98

0.99

Ac
cu

ra
cy

(c) Pruning fine-tuning: accuracy (bold = seed 0)

0 5 10 15 20 25 30
Epoch

0.025

0.050

0.075

0.100

0.125

0.150

0.175

0.200

Lo
ss

(d) Pruning fine-tuning: loss (bold = seed 0)

Training, median-accuracy seed
Validation, median-accuracy seed

Training, all 10 seeds (0 9)
Validation, all 10 seeds (0 9)

80% target sparsity reached

Figure 6. Training and validation curves of the end-to-end baseline over ten random seeds (0–9): 
(a,b) training of the unpruned model and (c,d) pruning fine-tuning. Curve lengths in (a,b) differ 
between seeds because of early stopping. Training accuracy is computed with data augmentation and 
dropout active.
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Figure 7. Training and validation curves of the SCL model over ten random seeds (0–9): (a,b) second-
stage classifier training with the encoder frozen and (c,d) pruning fine-tuning. Curve lengths in 
(a,b) differ between seeds because of early stopping.
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4.6.2. Ablation Study: Effect of the Training Objective
The comparison in Section 4.6.1 differs in two respects: the training objective of the 

encoder (supervised contrastive loss versus cross-entropy) and the training procedure (two-
stage training with a frozen encoder versus end-to-end training). To determine which of 
these factors is associated with the improvement, we compared SCL with the CE two-stage 
control (Section 3.3), which follows the same two-stage procedure and schedule but uses a 
linear softmax classification head and the cross-entropy loss instead of the projection head 
and the supervised contrastive loss in the first stage, and with a frozen-ImageNet control, 
in which the encoder is not trained on ArTS. The results are summarised in Tables 6 and 7.

Table 6. Ablation study on the ArTS test set (%; mean ± SD over random seeds). All configurations 
use the same ResNet50V2 encoder, classifier and data split.

Configuration Encoder Training Accuracy Macro F1

Frozen ImageNet None (ImageNet weights) 88.22 ± 0.61 87.96 ± 0.56
End-to-end baseline End-to-end, CE 98.47 ± 0.28 98.46 ± 0.27
CE two-stage Stage 1, CE 98.98 ± 0.34 98.96 ± 0.35
SCL two-stage Stage 1, SCL 98.90 ± 0.50 98.86 ± 0.53

Pruned CE two-stage Stage 1, CE 98.96 ± 0.34 98.93 ± 0.33
Pruned SCL Stage 1, SCL 99.00 ± 0.54 98.94 ± 0.61

Table 7. Paired comparisons of test accuracy over matched random seeds (Δ = first minus second con-
figuration, in percentage points; mean ± SD). Wins: number of seeds in which the first configuration 
was more accurate. p-values are two-sided and unadjusted for multiple comparisons.

Comparison 𝚫 (pp) t-Test p Wilcoxon p Wins

SCL vs. end-to-end baseline +0.42 ± 0.45 0.016 0.033 7/10 (1 tie)
CE two-stage vs. end-to-end baseline +0.50 ± 0.39 0.003 0.006 9/10
SCL vs. CE two-stage −0.08 ± 0.38 0.534 0.375 4/10
SCL vs. frozen ImageNet +10.69 ± 0.62 <0.001 0.062 1 5/5
Pruned SCL vs. pruned baseline −0.08 ± 0.56 0.674 0.770 5/10
Pruned SCL vs. pruned CE two-stage +0.04 ± 0.42 0.775 0.888 4/10 (2 ties)

1  With five pairs, 0.0625 is the smallest two-sided p-value attainable by the Wilcoxon signed-rank test.

The frozen-ImageNet control achieved an accuracy of 88.22%, approximately 10.7 pp 
below SCL (Table 7), indicating that adapting the encoder to Arabic traffic signs substan-
tially improves classification performance compared with using frozen ImageNet features. 
The CE two-stage control achieved 98.98 ± 0.34%, significantly outperforming the end-to-
end baseline (+0.50 pp, paired t-test, 𝑝 = 0.003), while showing no statistically significant 
difference from SCL (−0.08 pp, 𝑝 = 0.53). These findings suggest that the improvement 
over the end-to-end baseline is associated with the two-stage training configuration, while 
no additional statistically significant advantage of SCL over the CE two-stage control was 
detected. However, two limitations should be considered. First, a non-significant difference 
does not establish equivalence, and the limited number of seeds may reduce the statisti-
cal power to detect small performance differences. Second, the two-stage configurations 
involved more gradient updates than the end-to-end baseline (approximately 7700 and 
7600 versus 2100 steps), preventing a clear separation of the effects of the training procedure 
and the larger training budget. After pruning, SCL and CE two-stage continued to show 
similar performance (𝑝 = 0.78), with only marginal changes in accuracy (SCL: +0.10 pp; 
CE two-stage: −0.02 pp).
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4.6.3. Model Compression and Inference Efficiency
Table 8 summarises the model size and inference cost of the four main configurations, 

measured as described in Section 4.5. All four models share the same architecture and 
parameter count (24.75 million). When the models were saved in the same weights-only 
format, their file sizes were identical (99.35 MB). The size of a saved Keras model depends 
strongly on whether the optimiser state is stored: with the Adam optimiser state, the end-
to-end model, whose encoder is trainable, occupies 297.45 MB, whereas a two-stage model 
with a frozen encoder occupies 108.88 MB, because optimiser moments are stored only 
for trainable weights. Such differences in file size are therefore caused by the serialisation 
format, not by the training method, and all comparisons below use the weights-only format.

Table 8. Model size and inference cost of the four main configurations (sizes in MB = 106 bytes; 
median latency at batch size one; latency and memory measured for seed 0).

Metric Baseline Pruned
Baseline SCL Pruned

SCL

Total parameters (M) 24.75 24.75 24.75 24.75
Non-zero parameters (M) 24.75 23.81 24.75 23.81
Sparsity: Dense kernels/whole model (%) 0/0 80.0/3.8 0/0 80.0/3.8

Weights-only HDF5 (MB) 99.35 99.35 99.35 99.35
Weights-only HDF5, gzip (MB) 92.04 88.88 92.01 88.91
TFLite float32 (MB) 98.85 98.85 98.85 98.85
TFLite int8 (MB) 25.48 25.48 25.48 25.48
TFLite int8, gzip (MB) 21.14 20.51 21.19 20.43
int8–float32 agreement (%, 120 images) 99.2 100.0 100.0 100.0

FLOPs per image (G) 6.97 6.97 6.97 6.97
Latency, GPU, TensorFlow (ms) 6.5 9.0 5.8 6.0
Latency, CPU, TensorFlow (ms) 86.2 176.9 97.2 178.4
Latency, CPU, TFLite float32 (ms) 24.8 31.8 18.7 18.6
Latency, CPU, TFLite int8 (s) 1 2.68 2.97 2.70 2.75
Peak GPU memory (MB) 776 1023 720 800

1  Median of three runs; indicative only (see Section 4.5).

The Dense layers account for 4.8% of all model parameters. Removing 80% of their 
weights (approximately 0.95 million weights) therefore resulted in an overall model sparsity 
of approximately 3.8%. Because unstructured pruning retains zero-valued weights in 
the dense format, it did not change the uncompressed file sizes but reduced the gzip-
compressed model sizes by approximately 3.4% (92.04 to 88.88 MB for the baseline and 92.01 
to 88.91 MB for SCL). The gzip-compressed int8 models also showed reductions of 3.0–3.6% 
after pruning, with the pruned SCL model achieving the smallest file size of 20.43 MB. In 
comparison, full-integer int8 quantisation reduced the model size by approximately 74% 
(99.35 to 25.48 MB), with 99.2–100% prediction agreement between the int8 and float32 
models on 120 evaluated test images. These results highlight the complementary roles of 
pruning and quantisation in improving model storage efficiency.

All models had the same theoretical computational complexity of 6.97 GFLOPs per 
image, since unstructured pruning does not change the computational graph. Notably, SCL 
and pruned SCL showed GPU inference latencies of 5.8 and 6.0 ms, respectively, compared 
with 6.5 ms for the end-to-end baseline. This indicates that pruned SCL maintained compa-
rable GPU inference performance while achieving 80% sparsity in the Dense layers. Overall, 
magnitude-based pruning preserved high classification accuracy while introducing substan-
tial sparsity in the targeted Dense layers and providing modest compressed-storage savings. 
Further improvements in computational efficiency may be achieved by extending pruning to 
the convolutional encoder, which contains approximately 95% of the model parameters and 
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accounts for nearly all computational operations, particularly through structured channel 
or filter pruning that removes complete operations from the computational graph.

4.6.4. Comparison with Previous Studies
Table 9 compares our results with previously reported methods on the ArTS dataset. 

Part (A) lists the accuracies reported in the original studies. In [40], network complexity in 
ResNet V1 was regulated by repeatedly stacking residual blocks, yielding a test accuracy 
of 96.14%. The LE-CNN model [65], comprising three convolutional blocks with dropout 
layers and trained on 32 × 32 RGB images, achieved 96.50% accuracy. In [41], a comparative 
evaluation of six architectures using extensive data augmentation and 5-fold cross-validation 
identified DenseNet121 as the best model, with a test accuracy of 96.54%. Because these 
results were obtained with different data splits, preprocessing and training settings, they 
cannot be compared directly with ours. Therefore, we re-trained ResNet V1 (ResNet50), 
DenseNet121 and LE-CNN under the protocol of this study (Part (B); Section 4).

Table 9. Comparison with previous methods on the ArTS test set. (A) Accuracy as reported in the 
original studies (different protocols; not directly comparable). (B) Methods re-trained under the 
protocol of this study (mean ± SD over random seeds).

Method Accuracy (%) Seeds

(A) Reported in previous studies
 ResNet V1 [40] 96.14 –
 LE-CNN [65] 96.50 –
 DenseNet121 [41] 96.54 –

(B) Re-trained under the protocol of this study
 LE-CNN 1 92.51 ± 0.54 5
 ResNet V1 (ResNet50) 98.42 ± 0.60 5
 DenseNet121 98.65 ± 0.47 5
 ResNet50V2 end-to-end baseline 98.47 ± 0.28 10
 Pruned ResNet50V2 baseline 99.07 ± 0.27 10
 CE two-stage 98.98 ± 0.34 10
 SCL two-stage 98.90 ± 0.50 10
 Pruned SCL 99.00 ± 0.54 10

1  Approximate re-implementation; some architectural details are not specified in [65].

Under the same protocol, ResNet50 (98.42%) and DenseNet121 (98.65%) achieved 
accuracies comparable to our ResNet50V2 baseline (98.47%) and approximately 2 pp higher 
than those reported in their original studies. The LE-CNN re-implementation achieved 
an accuracy of 92.51%, lower than the originally reported 96.50%. These findings suggest 
that differences in experimental protocols may contribute substantially to variations in 
reported accuracy, highlighting the importance of evaluating models under consistent 
conditions. Notably, both pruned configurations achieved higher mean accuracies than the 
re-trained ResNet50 and DenseNet121 models, reaching 99.07% for the pruned ResNet50V2 
baseline and 99.00% for the pruned SCL model. Before pruning, the SCL model achieved 
a mean accuracy of 98.90%, which increased slightly to 99.00% after magnitude-based 
pruning. These results highlight the competitive recognition performance of the proposed 
SCL-based approach and its ability to maintain high classification accuracy under 80% 
Dense-layer sparsity.

4.6.5. Error Analysis
Table 10 presents the per-class TP, TN, FP and FN counts for the SCL model, while 

Figure 8 shows the confusion matrices of the four main configurations, aggregated across 
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ten random seeds to illustrate their classification error patterns. Across all configurations, 
most classes were recognised without errors or with fewer than one error per run on average. 
For SCL, six classes (Front or Left, Front or Right, Hump, Parking, Pedestrian Crossing and 
Stop) had no FP or FN across any of the ten seeds. The classification errors were primarily 
concentrated among the speed-limit signs, classes 17–21 (Speed 30, Speed 40, Speed 50, 
Speed 60 and Speed 80), which share the same circular shape, colour and layout but differ in 
their displayed speed values. Confusions within this group accounted for 32 of the 57 SCL 
errors (56%) and 39 of the 79 baseline errors (49%). The most frequent misclassification 
involved Speed 60 being predicted as Speed 80, occurring 11, 9, 12 and 13 times over ten 
seeds for the baseline, pruned baseline, SCL and pruned SCL models, respectively; for the 
pruned baseline, this was tied with Speed 60 being predicted as Speed 50. For SCL, Speed 
60 had the lowest recall (90.0%, corresponding to 2.0 FN per run), while Speed 80 had the 
lowest precision (94.2%, corresponding to 1.3 FP per run). In the one-vs-rest evaluation, 
correct rejections (TNs) were the most frequent outcome for every class. For example, Speed 
80 had an average of 494.7 TNs and 1.3 FPs per run among the 496 test images belonging to 
other classes, with 12 of the 13 FPs accumulated over ten seeds originating from Speed 60. 
This indicates that false positives for Speed 80 were primarily associated with the visually 
similar Speed 60 sign rather than being distributed across unrelated classes. Outside the 
speed-limit group, recurring confusions occurred mainly between signs with closely related 
pictograms, such as U Turn predicted as No U Turn (two to three times over ten seeds in 
every configuration) and the mirrored signs Narrows from Right predicted as Narrows 
from Left. Magnitude-based pruning reduced the total number of classification errors from 
79 to 48 for the baseline and from 57 to 52 for SCL across ten seeds, while the predominant 
confusion patterns remained similar.

Table 10. Per-class TP, TN, FP and FN counts of the SCL two-stage model (mean per run over 
10 random seeds; one-vs-rest), with the resulting precision, recall and F1-score (%). Classes 17–21 
(speed-limit signs) account for most errors.

# Class Support TP TN FP FN Prec. Rec. F1

0 Front or Left 31 31.0 487.0 0.0 0.0 100.00 100.00 100.00
1 Front or Right 30 30.0 488.0 0.0 0.0 100.00 100.00 100.00
2 Hump 21 21.0 497.0 0.0 0.0 100.00 100.00 100.00
3 Left Turn 20 20.0 497.8 0.2 0.0 99.01 100.00 99.50
4 Narrows from Right 15 14.9 502.9 0.1 0.1 99.33 99.33 99.33
5 Narrows from Left 18 18.0 499.6 0.4 0.0 97.83 100.00 98.90
6 No Horn 27 26.6 491.0 0.0 0.4 100.00 98.52 99.25
7 No Parking 19 18.8 498.7 0.3 0.2 98.43 98.95 98.69
8 No U Turn 20 19.6 497.8 0.2 0.4 98.99 98.00 98.49
9 Overtaking Forbidden 22 21.8 495.7 0.3 0.2 98.64 99.09 98.87

10 Parking 23 23.0 495.0 0.0 0.0 100.00 100.00 100.00
11 Pedestrian Crossing 19 19.0 499.0 0.0 0.0 100.00 100.00 100.00
12 Right or Left 23 22.9 495.0 0.0 0.1 100.00 99.57 99.78
13 Right Turn 20 19.7 497.9 0.1 0.3 99.49 98.50 98.99
14 Rotor 19 19.0 498.9 0.1 0.0 99.48 100.00 99.74
15 Slow 22 21.9 495.9 0.1 0.1 99.55 99.55 99.55
16 Speed 100 18 18.0 499.8 0.2 0.0 98.90 100.00 99.45
17 Speed 30 26 26.0 491.2 0.8 0.0 97.01 100.00 98.48
18 Speed 40 21 20.5 496.5 0.5 0.5 97.62 97.62 97.62
19 Speed 50 20 19.6 497.2 0.8 0.4 96.08 98.00 97.03
20 Speed 60 20 18.0 497.8 0.2 2.0 98.90 90.00 94.24
21 Speed 80 22 21.2 494.7 1.3 0.8 94.22 96.36 95.28
22 Stop 21 21.0 497.0 0.0 0.0 100.00 100.00 100.00
23 U Turn 21 20.8 496.9 0.1 0.2 99.52 99.05 99.28

 

Prec.: precision; Rec.: recall. Support: number of test images per class.
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Figure 8. Confusion matrices of the four configurations on the ArTS test set, summed over ten 
random seeds (0–9; 518 test images per seed): (a) end-to-end baseline; (b) pruned baseline; (c) SCL 
two-stage; (d) pruned SCL. Diagonal cells show correctly recognised images, and misclassifications 
are highlighted in red. Class indices 0–23 correspond to the class names listed in Table 10.

5. Conclusions and Future Work
In this study, we investigated the integration of supervised contrastive learning with 

magnitude-based pruning for Arabic traffic sign recognition using the Arabic Traffic Signs 
(ArTS) dataset, evaluating the main configurations over ten random seeds. The baseline 
ResNet50V2 transfer learning model achieved an average accuracy of 98.47 ± 0.28%, while 
two-stage supervised contrastive learning achieved 98.90 ± 0.50%, a statistically significant 
improvement over the baseline (𝑝 = 0.016, unadjusted). However, the cross-entropy 
two-stage control achieved a comparable accuracy of 98.98 ± 0.34%, indicating that the 
improvement is associated with the two-stage training configuration rather than specifically 
with the contrastive objective. After pruning 80% of the Dense-layer weights, the baseline 
reached 99.07 ± 0.27% and the pruned SCL model 99.00 ± 0.54%; because the pruning 
phase also included additional fine-tuning, this gain cannot be attributed to sparsity alone, 
but the results show that 80% Dense-layer sparsity can be introduced while maintaining 
high recognition accuracy. Pruning reduced the gzip-compressed model size by only 
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approximately 3.4% and did not reduce FLOPs or consistently improve inference latency or 
memory usage, whereas int8 quantisation reduced the model size from 99.35 to 25.48 MB.

Building on these findings, future research will explore alternative compression tech-
niques to improve model size and computational efficiency. In addition, attention mecha-
nisms, hard-example mining and targeted data augmentation will be investigated to reduce 
misclassifications among visually similar speed-limit signs. Finally, the proposed approach 
will be evaluated on resource-constrained edge devices to assess its inference performance, 
memory requirements and practical applicability in automotive environments.
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 The following abbreviations are used in this manuscript:

ADAS Advanced driver-assistance systems
ArTS Arabic traffic sign
ATSR Automated traffic sign recognition
CE Cross-entropy
CNN Convolutional neural network
CPU Central processing unit
FLOPs Floating-point operations
FN False negative
FP False positive
GPU Graphics processing unit
ITS Intelligent transportation systems
NLP Natural language processing
ReLU Rectified linear unit
SCL Supervised contrastive learning
TFLite TensorFlow Lite
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