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Abstract

This paper proposes a multi-modal deep learning framework for Arabic Sign
Language (ArSL) recognition, addressing the challenges of both static and dy-
namic gesture recognition. The framework integrates spatial, temporal, and
depth features using CNN, Transformer, and Depth-CNN models, combined
via an attention-based fusion mechanism. A hierarchical recognition approach
first classifies gestures as static or dynamic, then processes them with special-
ized models: MobileNetV3 for dynamic gestures and an MLP-KAN hybrid
for static gestures. Evaluated on four ArSL datasets (Kaggle ASL, ArSL2018,
DArSL50, KSU-ArSL), the system achieves 98.4% overall accuracy with real-
time inference speeds of 0.007 seconds for static gestures and 0.02 seconds for
dynamic gestures. Ablation studies confirm the importance of multi-modal
fusion, with attention-based fusion improving accuracy by 11% compared to
simple concatenation. The system demonstrates strong generalization across
diverse datasets and conditions, making it suitable for real-world deployment
in assistive communication technologies.
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1. Introduction

Sign language is the primary mode of communication for millions of deaf and
hard-of-hearing individuals worldwide. According to the World Health Organi-
zation (WHO), over 1.5 billion people globally experience some degree of hearing
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loss, with approximately 430 million requiring rehabilitation for disabling hearing

loss [1]. Within the Middle East and North Africa (MENA) region, the prevalence

of hearing disabilities is substantial, with more than 11 million individuals affected

[2].

Unlike American Sign Language (ASL) and British Sign Language (BSL), which
have well-documented linguistic structures and large annotated datasets, Arabic
Sign Language (ArSL) presents unique challenges due to dialectal variations, lim-
ited datasets, and the complexity of dynamic gestures [3]. ArSL lacks a standard-
ized form, as different Arab countries have developed their own dialects. This var-
iation makes it difficult to create a unified recognition model that generalizes across
multiple regions. Existing ArSL recognition systems primarily focus on static ges-
tures often neglecting dynamic movements, which are important for understand-
ing continuous sign language communication [4].

Several approaches have been explored for Sign Language Recognition (SLR),
including traditional computer vision techniques, Deep Learning (DL)-based im-
age classification, and sequence modeling using Recurrent Neural Networks (RNNs),
Long Short-Term Memory (LSTM) networks, and Transformers [5]. Early meth-
ods relied on handcrafted feature extraction using edge detection, Histogram of
Oriented Gradients (HOG), and optical flow analysis [6]-[8]. However, these meth-
ods struggled with variations in lighting, background noise, and signer differences.
With the advancement of DL, Convolutional Neural Networks (CNNs) have been
widely used for spatial feature extraction from sign images [6] [8] [9]. While CNNs
excel in static gesture recognition, they fail to capture temporal dependencies. To
address this, RNNs and LSTMs have been employed for sequential modeling, but
they suffer from vanishing gradient problems and high computational costs [5]
[10]. More recently, Transformer-based models have gained popularity due to
their ability to model long-range dependencies efficiently [11].

To address these challenges, this study proposes a multi-modal DL framework
for ArSL recognition, incorporating spatial, temporal, and depth features. The key
contributions of this work are:

o Hierarchical Recognition Framework: A novel two-tier approach that first
classifies gestures into static or dynamic categories using a CNN classifier, fol-
lowed by specialized models for precise recognition.

o Attention-Based Multi-Modal Feature Fusion: A fusion mechanism that in-
tegrates spatial (CNN), temporal (Transformer), and depth (Depth-CNN) fea-
tures to achieve rich feature representation.

o Extensive Benchmarking on Multiple ArSL Datasets: Four distinct ArSL da-
tasets are used to assess the proposed methodology.

o Efficient Real-Time Processing: The system achieves over 98% accuracy with
an inference time of 0.007 seconds for static gestures and 0.02 seconds for dy-

namic gestures.

2. Related Works

SLR has emerged as a critical research area aimed at bridging communication bar-
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riers for deaf and mute communities. A number of studies have explored different
methodologies for ArSL recognition, employing Machine Learning (ML), DL, and
hybrid models to address the inherent challenges in static and dynamic gesture
recognition.

Tharwat, Ahmed, and Bouallegue (2021) proposed a vision-based system for
recognizing ArSL alphabets, emphasizing the use of traditional ML techniques
[12]. Their Arabic Alphabet Sign Language Recognition System (AArSLRS) em-
ployed a dataset of 9240 images and achieved 99.5% accuracy with KNN under
controlled conditions, but was limited to static gestures.

Duwairi and Halloush (2022) employed transfer learning techniques for ArSL
alphabet recognition, utilizing pre-trained models like AlexNet, VGGNet, and
GoogleNet [6]. Using the ArSL2018 dataset comprising 54,049 images of 32 Ara-
bic characters, VGGNet achieved an accuracy of 97%, but focused only on static
gestures.

Noor et al (2024) proposed a hybrid model integrating CNN and LSTM net-
works for both static and dynamic gestures [5]. Their framework utilized a custom
dataset of 4000 images for static gestures and 500 videos for dynamic sequences,
achieving accuracies of 94.4% and 82.7% respectively.

Ameer et al. (2024) extended the focus on dynamic gesture recognition with an
attention-based LSTM model [10]. Their DArSL50 dataset, comprising 50 dy-
namic gestures across 7500 videos, served as the foundation, achieving accuracies
of 85% for individual volunteers.

Zakariah et al (2022) explored transfer learning for ArSL recognition using
the EfficientNetB4 architecture [13]. Using the ArSL2018 dataset, EfficientNetB4
achieved a testing accuracy of 95%, but relied on single-hand static gestures with
high computational requirements.

Hdioud and Tirari (2023) proposed a DL-based ArSL system designed to rec-
ognize Arabic letters [14]. Their approach combined pre-processing with Medi-
aPipe and a custom CNN architecture, achieving 97.07% validation accuracy, but
was limited to static gestures.

Alharthi and Alzahrani (2023) explored the integration of Vision Transformer
(ViT) and transfer learning [7]. Their study utilized pretrained models like Incep-
tionResNetV2, ViT, and Swin, achieving a maximum accuracy of 98.17% with In-
ceptionResNetV2.

Al Khuzayem et al. (2024) focused on Saudi Sign Language (SSL) recognition
with their Efhamni application, which applied a CNN and Bidirectional Long
Short-Term Memory (BiLSTM) architecture [15]. The model was trained on the
KSU-SSL dataset, achieving precision of 94.61%, recall of 94.56%, and F1-score of
94.52%.

Alsolai et al. (2024) proposed the SLDC-RSAHDL framework, which utilized
MobileNet for feature extraction, coupled with a hybrid DL model integrating
CNN and LSTM layers [8]. Using the ASL alphabet dataset, the system achieved

an accuracy of 99.51%.
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While these studies have advanced the state of the art in ArSL recognition, sev-
eral gaps remain: limited handling of dynamic gestures, small or non-diverse da-
tasets, high computational requirements, single-modality approaches, and lack of

attention to dialectal variations [16] [17].

3. Proposed Methodology

3.1. Overview

The proposed methodology diagram is illustrated in Figure 1. The proposed meth-
odology for ArSL integrates multiple phases: dataset collection, pre-processing,
multi-modal feature extraction, attention-based fusion, and hierarchical recogni-
tion. The methodology begins with collecting four datasets: Kaggle ASL, ArSL2018,
DArSL50, and KSU-ArSL. These datasets cover static and dynamic gestures, es-
sential for training the model. Pre-processing involves normalization of data, key-
point extraction using Mediapipe, and depth map generation. Feature extraction
uses three models: CNN for spatial features, Transformer for temporal features,
and Depth-CNN for depth features. The extracted features are fused using an at-
tention-based mechanism. The framework consists of two tiers. Tier 1 classifies
gestures as static or dynamic using a CNN classifier. Tier 2 processes dynamic
gestures through MobileNetV3 and static gestures through a hybrid MLP and
KAN model for accurate gesture recognition.

Kaggle ASL
(Static) _,_>

Spatial Features

ArsL2018

(Static) Pre-Processing
:  Ext Depth Map H Decoder Temporal F TS Anentlor_pbased
h Generation H : Fusion

DArSL50

(Dynamic) - " : s e

—aﬁm @@

Multi-Modal Feature Extraction

Figure 1. Overview of the proposed methodology for Arabic SLR.

3.2. Multi-Modal Feature Extraction

Multi-Modal Feature Extraction plays a climactic role in capturing diverse aspects

of ArSL gestures. This phase involves the extraction of three distinct feature types:
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spatial, temporal, and depth features. Spatial features are extracted using a CNN,
focusing on the image-based representation of static gestures. Temporal features
are captured through a Transformer model, which processes the time-dependent
characteristics of dynamic gestures. Depth features are obtained through a Depth-
CNN, which analyzes the depth information from depth maps.

3.2.1. Spatial Features

Spatial features capture essential patterns, shapes, and edges from hand gesture
images. The CNN model consists of four convolutional layers, each followed by a
max-pooling operation. Figure 2 illustrates the architecture. Table 1 presents the

detailed hyperparameter settings.

Input Convolutional Ma)](-gzling Convolutional Ma)l(_:;;ﬁng Convolutional
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Figure 2. Visual architecture illustration of the CNN model for spatial feature extraction.
Table 1. Hyperparameter details for CNN architecture (Spatial Feature Extraction).
Hyperparameter Value
Learning Rate 0.001
Batch Size 32
Epochs 50
Optimizer Adam
Dropout Rate 0.25
Filter Sizes 3x3
Number of Filters 32 (1st), 64 (2nd), 128 (3rd), 256 (4th)
Pooling Type Max Pooling
Pooling Window Size 2x2
DOI: 10.4236/jilsa.2026.181002 15 Journal of Intelligent Learning Systems and Applications
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Continued
Activation Function ReLU (hidden layers)
Fully Connected Layer 1 Units 512
Fully Connected Layer 2 Units 256

3.2.2. Temporal Features
Temporal features capture motion patterns and sequential dependencies within
dynamic gestures. The Transformer model processes sequential input to learn
contextual relationships.

Table 2 presents the hyperparameter settings.

Table 2. Hyperparameter settings for the transformer model.

Hyperparameter Value
Embedding Dimension 512
Number of Attention Heads 8
Number of Transformer Layers 6
Feedforward Dimension 2048
Dropout Rate 0.1
Optimizer AdamW
Learning Rate 0.0001
Batch Size 32
Number of Epochs 50

3.2.3. Depth Features

Depth features capture the three-dimensional structure of hand movements. The
Depth-CNN model consists of four convolutional layers followed by max-pooling
operations. Figure 3 illustrates the architecture. Table 3 presents the hyperparam-

eters.

Table 3. Hyperparameter settings for the Depth-CNN model.

Hyperparameter Value
Input Depth Map Size 224 x 224
Number of Convolutional Layers 4
Filter Sizes 3x3
Number of Filters 32, 64, 128, 256
Dropout Rate 0.3
Optimizer Adam
Learning Rate 0.001
Batch Size 32
Number of Epochs 50
DOI: 10.4236/jilsa.2026.181002 16 Journal of Intelligent Learning Systems and Applications
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Figure 3. Visual architecture illustration of the depth-CNN model for depth feature extraction.

3.2.4. Attention-Based Fusion
An attention-based fusion mechanism is employed to assign adaptive importance

to each feature representation. Let the extracted feature vectors be:

F eR"%, F eR%, F,eR* (1)
These are concatenated: F = [FS;Ft;F d] . Attention weights are computed:
a =softmax (WF) )
where o =[a,,a,,a,]. The weighted fusion is:
Fiygon = @ F o B+ o, Fy ©)

3.3. Hierarchical Recognition Framework

The framework consists of two tiers. Tier 1 classifies gestures as static or dynamic.

Tier 2 processes them with specialized models.

Flatten FC Layer 1
Layer 128 units
Convolution Layer 1 Max Pooling Convolution Layer 1 Max Pooling
Input Image (316 filters, 3 x 3) Layer 1 (32 filters, 3 x 3) Layer 2
i Activation: ReLU 2x2 Activation: ReLU 2x2)
(Variable x 3) (2x2) (2x2) Output Layer

2 units (Softmax)
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Figure 4. Architecture of the CNN model used for static vs. dynamic gesture classification.
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3.3.1. Tier 1—Static vs. Dynamic Gesture Classification
A CNN classifier with two convolutional layers is used. Figure 4 illustrates the

architecture. Table 4 presents the hyperparameters.

Table 4. Hyperparameters of the CNN model for static vs. dynamic gesture classification.

Hyperparameter Value
Learning Rate 0.001
Batch Size 32
Epochs 20
Optimizer Adam
Dropout Rate 0.2
Number of Filters 16 (1st), 32 (2nd)
Fully Connected Layer Units 128

3.3.2. Tier 2—Gesture Recognition
Dynamic gestures are recognized using MobileNetV3. Static gestures are classified

using a hybrid MLP and KAN model.
Dynamic Gesture Recognition
MobileNetV3 is used with hyperparameters in Table 5.

Table 5. Hyperparameters of MobileNetV3 for dynamic gesture recognition.

Hyperparameter Value
Architecture Type MobileNetV3-Small
Activation Function Hard-Swish
Dropout Rate 0.2
Optimizer Adam
Learning Rate 0.0005
Batch Size 32
Number of Epochs 50

Static Gesture Recognition
The hybrid MLP-KAN model is used. Hyperparameters for MLP and KAN are

in Table 6 and Table 7.

Table 6. Hyperparameters of MLP for static gesture recognition.

Hyperparameter Value
Number of Hidden Layers 2
Hidden Layer 1 Units 512
Hidden Layer 2 Units 256
Dropout Rate 0.3
Optimizer Adam
Learning Rate 0.001
Batch Size 32
Number of Epochs 50
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Table 7. Hyperparameters of KAN for static gesture recognition.

Hyperparameter Value
Number of Layers 3
Knowledge Module Type Graph-Based
Hidden Layer 1 Units 512
Hidden Layer 2 Units 256
Dropout Rate 0.3
Optimizer AdamW
Learning Rate 0.0001
Batch Size 32
Number of Epochs 50

4. Experimental Setup

The experiments were conducted using Python and TensorFlow on a system with
an NVIDIA GPU. Datasets were split into 70% training, 15% validation, and 15%
testing. Evaluation metrics included accuracy, precision, recall, F1-score, training

time, and inference speed.

5. Results and Discussion

5.1. Performance Evaluation
The proposed multi-modal model achieved an exceptional 98.4% overall accuracy.
For static gesture recognition: precision = 98.7%, recall = 98.4%, F1-score = 98.5%.

For dynamic gestures: precision = 97.9%, recall = 98.2%, F1-score = 98.0%. Figure

5 shows the performance metrics.

98.7
98.5 98.5
98.4 98.4
98.3 I 98.3 98.3

Precision Recall F1-Score Accuracy

98.8

98.6

98.4

98.2

98

97.8

97.6

97.4

m Static Gesture Recognition = Dynamic Gesture Recognition m Overall

Figure 5. Performance evaluation metrics of the proposed model.

The model exhibited impressive computational efficiency. Inference time was
0.007 seconds for static and 0.02 seconds for dynamic gestures (Figure 6).
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Trainining Time per Epoch (Minute) Inference Time per Gesture
(Miliseconds)

m Static Gesture Recognition m Dynamic Gesture Recognition

Figure 6. Training and inference time comparison.

5.2. Ablation Study

Ablation studies confirmed the importance of each component:

Without attention-based fusion: Accuracy dropped to 87.4%.
Spatial-only (CNN): 92.3%.

Temporal-only (Transformer): 93.1%.

Depth-only (Depth-CNN): 90.2%.

All modalities combined: 98.4%.

6. Conclusion

This paper presents a comprehensive approach for ArSL recognition, addressing

challenges associated with both static and dynamic gestures. The proposed meth-

odology leverages multi-modal feature extraction (CNN, Transformer, Depth-

CNN) with attention-based fusion, followed by a hierarchical recognition frame-

work. The system achieves 98.4% accuracy with low inference times, demonstrat-

ing its potential for real-world applications. Future work will focus on expanding

dialectal coverage and optimizing for mobile deployment.
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