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Abstract
This project presents the development of KArSL, an Arabic Sign Language chatbot sys-
tem designed to bridge communication gaps between deaf and hearing communities. The
system utilizes a 3D Convolutional Neural Network (3D CNN) trained on the KArSL-502
dataset, which contains 502 isolated Arabic sign words. Our implementation achieves
94.38% test accuracy in real-time sign recognition through a web-based interface with
live camera integration. The system captures user gestures for a specified time period,
processes video sequences of 30 frames at 64×64 resolution, and provides instant transla-
tion displaying predictions in both Arabic and English text with confidence scores. The
chatbot successfully recognizes signs across 11 different categories including letters, num-
bers, health, family, and common verbs, making it a comprehensive tool for Arabic sign
language communication.
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1 Introduction

1 Introduction

1.1 Group Members and Contributions

Our team consists of five dedicated members who contributed equally to different aspects
of the project:

• Roudha Al Alawi: Data preprocessing and model architecture design

• Khalid Alzaabi: Backend development and Flask web application

• Rouda Al Raeesi: Frontend development and user interface design

• Khamees Alhammadi: Model training and performance optimization

• Ohoud Yahya: Testing, evaluation, and documentation

1.2 Problem Motivation and Real-World Impact

Arabic sign language serves as the primary communication method for approximately 1.5
million deaf and hard-of-hearing individuals across Arab countries. However, the lack of
accessible translation tools creates significant barriers in education, healthcare, and social
interactions. Current solutions are limited and often do not support the Arabic language
context adequately.

Our KArSL chatbot addresses this critical gap by providing real-time Arabic sign
language recognition, enabling seamless communication between deaf and hearing com-
munities. This technology has immediate applications in schools, hospitals, government
offices, and social settings where effective communication is essential.

1.3 Key Assumptions and Limitations

• Users perform signs clearly with adequate lighting conditions

• Camera quality is sufficient for 64×64 frame resolution

• Signs are performed individually rather than in continuous sentences

• The system focuses on isolated word-level recognition rather than grammatical
structures

1.4 Project Objectives and Goals

• Develop a real-time Arabic sign language recognition system

• Achieve accuracy above 90% for the 502 KArSL sign vocabulary

• Create an intuitive web-based interface accessible to all users

• Implement both Arabic and English text output with confidence scores

• Provide a foundation for future Arabic sign language applications

Real-time Arabic Sign Language Recognition System 4



2 System Overview

1.5 Problem Statement

How can we create an accurate, real-time Arabic sign language recognition system that
enables effective communication between deaf and hearing Arabic-speaking communities
using computer vision and deep learning techniques?

1.6 Summary of Proposed System

The KArSL system combines computer vision, deep learning, and web technologies to
create a comprehensive sign language recognition platform. Users interact with the system
through a web camera, performing Arabic sign language gestures for a specified time
period that are captured, processed by our 3D CNN model, and translated into both
Arabic and English text with confidence scores in real-time.

2 System Overview
Our KArSL system consists of three main components working together to provide seam-
less Arabic sign language recognition:

2.1 Hardware Components

• Web Camera: Captures real-time video sequences at 640×480 resolution

• GPU Processing: NVIDIA RTX 2080 (8GB) for efficient model inference

• Server Hardware: Standard computer with sufficient processing power

2.2 Software Architecture

• Frontend: HTML5, CSS3, JavaScript for user interface

• Backend: Flask web framework for API and request handling

• Deep Learning: TensorFlow/Keras for 3D CNN model implementation

• Computer Vision: OpenCV for video processing and frame extraction

2.3 System Workflow

The system follows a clear data flow process:

1. User activates camera through web interface

2. User performs Arabic sign language gesture for specified time period

3. System captures 30 consecutive frames (1-second sequence)

4. Frames are preprocessed and resized to 64×64×3 format

5. 3D CNN model processes the video sequence

Real-time Arabic Sign Language Recognition System 5



3 Methodology

6. Top 6 predictions are generated with confidence scores

7. Results are displayed showing both Arabic and English text with scores

8. User receives immediate visual feedback for performed sign

2.4 Main Features and Capabilities

• Real-time video capture and processing

• Recognition of 502 different Arabic sign words

• Multi-category support (letters, numbers, verbs, family terms, etc.)

• Dual-language output (Arabic and English text)

• Confidence-based prediction ranking with scores

• Time-controlled gesture capture period

• User-friendly web interface

• Cross-platform compatibility through web browsers

3 Methodology

3.1 Resources and Tools

3.1.1 Development Environment

• Programming Language: Python 3.8+

• Deep Learning Framework: TensorFlow 2.x, Keras

• Web Framework: Flask 2.0

• Computer Vision: OpenCV 4.5

• Data Processing: NumPy, Pandas

• Development Environment: PyCharm, Jupyter Notebook

3.1.2 Dataset Preparation

We utilized the KArSL-502 dataset, the largest video dataset for Arabic sign language:

• Total Signs: 502 isolated sign words

• Categories: 11 chapters (Letters, Numbers, Health, Family, etc.)

• Performers: 3 professional signers

• Repetitions: 50 times per signer per sign

• Total Samples: 75,300 video sequences

• Modalities: RGB, depth, and skeleton data (we used RGB)

Real-time Arabic Sign Language Recognition System 6



3 Methodology

3.1.3 Real-time Interface Design

The web interface implements a time-controlled capture mechanism where users initiate
gesture recording for a specified duration. During this period:

• Visual Feedback: Real-time camera feed shows user’s gestures

• Capture Control: Users can start and stop recording as needed

• Processing Indicator: Visual cues inform users when processing is active

• Results Display: Predictions appear with both Arabic and English text

• Confidence Scores: Numerical confidence values help users assess prediction reli-
ability

• Multiple Predictions: Top 6 predictions provide alternative interpretations

3.1.4 Model Architecture

Our 3D CNN architecture includes:

• Input Shape: [30, 64, 64, 3] (30 frames, 64×64 RGB)

• 3D Convolutional Layers: Extract spatiotemporal features

• MaxPooling Layers: Reduce computational complexity

• Dropout Layers: Prevent overfitting (rate: 0.3)

• Dense Layers: Final classification

• Output Layer: 502 classes with softmax activation

• Total Parameters: 1,475,882

3.2 Evaluation Procedure

3.2.1 Data Splitting

The dataset was divided using standard machine learning practices:

• Training Set: 70% of data (52,710 sequences)

• Validation Set: 15% of data (11,295 sequences)

• Test Set: 15% of data (11,295 sequences)

3.2.2 Training Configuration

• Optimizer: Adam with learning rate 0.001

• Loss Function: Categorical crossentropy

• Batch Size: 32

• Epochs: 50 with early stopping

• Metrics: Accuracy, Top-5 accuracy

Real-time Arabic Sign Language Recognition System 7



4 Results Discussion

3.2.3 Performance Metrics

We evaluated our model using multiple metrics:

• Classification Accuracy: Percentage of correctly classified signs

• Top-5 Accuracy: Percentage where correct sign is in top 5 predictions

• Confusion Matrix: Detailed per-class performance analysis

• Response Time: Real-time inference speed measurement

4 Results Discussion
Our KArSL system demonstrates strong performance across multiple evaluation criteria,
making it suitable for real-world Arabic sign language recognition applications.

4.1 Quantitative Results

4.1.1 Model Performance Metrics

The trained 3D CNN model achieved excellent results on the KArSL-502 dataset:

Metric Accuracy (%) Baseline Comparison
Training Accuracy 99.94 Excellent (>95%)
Validation Accuracy 95.50 Very Good (>90%)
Test Accuracy 94.38 Very Good (>90%)
Training Top-5 100.00 Perfect
Validation Top-5 97.19 Excellent
Test Top-5 96.63 Excellent

Table 1: Model performance across different dataset splits.

4.1.2 System Performance Analysis

Component Performance Status
Video Capture 30 FPS Optimal
Frame Processing 0.02s per frame Fast
Model Inference 0.15s per sequence Real-time
Web Interface Response <0.5s total Responsive

Table 2: System component performance metrics.
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4 Results Discussion

4.2 Comparison with Expectations and Benchmarks

Our results exceed typical expectations for sign language recognition systems:

• Accuracy Target: We aimed for >90% and achieved 94.38%

• Real-time Processing: Successfully maintains <0.5s response time

• Vocabulary Coverage: Supports all 502 signs from KArSL dataset

• Top-5 Accuracy: 96.63% ensures users typically see correct prediction

The small gap between training (99.94%) and test (94.38%) accuracy indicates good
generalization with minimal overfitting, demonstrating effective model design and regu-
larization techniques.

4.3 System Component Analysis

4.3.1 Strengths

• 3D CNN Architecture: Effectively captures temporal patterns in sign sequences

• Preprocessing Pipeline: Robust frame extraction and normalization

• Web Interface: Intuitive and accessible user experience

• Multi-category Support: Comprehensive vocabulary across 11 sign categories

• Dual-Language Output: Both Arabic and English text increase accessibility

4.3.2 Identified Bottlenecks and Improvements

• Lighting Sensitivity: Performance degrades in poor lighting conditions

– Solution: Implement adaptive brightness adjustment and contrast enhance-
ment

• Camera Positioning: Requires consistent hand positioning relative to camera

– Solution: Add hand detection and region-of-interest focusing

• Model Size: 1.47M parameters require significant computational resources

– Solution: Explore model compression techniques and quantization

• Sequential Processing: Currently processes isolated signs rather than continuous
sentences

– Solution: Implement sequence-to-sequence models for continuous recognition

Real-time Arabic Sign Language Recognition System 9



5 Reflections on Challenges

5 Reflections on Challenges

5.1 Technical Challenges

5.1.1 Data Processing Complexity

Working with video sequences presented significant computational challenges. Processing
75,300 video samples with 30 frames each required substantial memory management and
efficient data loading strategies. We overcame this by implementing batch processing and
data generators to handle large datasets without memory overflow.

5.1.2 Model Architecture Optimization

Designing an effective 3D CNN architecture required extensive experimentation with layer
configurations, kernel sizes, and temporal dimensions. Initially, our model suffered from
overfitting, which we addressed through dropout regularization, batch normalization, and
data augmentation techniques.

5.1.3 Real-time Processing Requirements

Achieving real-time performance while maintaining accuracy required careful optimiza-
tion of the inference pipeline. We implemented GPU acceleration and optimized our
preprocessing steps to reduce latency from initial 2-3 seconds to under 0.5 seconds.

5.2 Team and Process Challenges

5.2.1 Coordination and Communication

Managing a five-person team across different components required effective communica-
tion and version control. We established regular meetings, used Git for collaborative
coding, and implemented clear task assignments to ensure smooth coordination.

5.2.2 Time Constraints

The project timeline was ambitious, requiring parallel development of data processing,
model training, and web interface components. We managed this through agile develop-
ment practices, prioritizing core functionality first and adding features iteratively.

5.2.3 Resource Limitations

Training deep learning models on large video datasets required significant computational
resources. We optimized our approach by using cloud GPU instances for intensive training
tasks while developing the web interface on local machines.

5.3 Unexpected Findings and Discoveries

5.3.1 Dataset Quality Impact

We discovered that the quality and consistency of the KArSL-502 dataset significantly
impacted model performance. Signs performed by different signers showed variation in
speed and style, requiring robust augmentation strategies to improve generalization.
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6 Related Work

5.3.2 User Interface Preferences

During testing, we found that users preferred immediate visual feedback with both Arabic
and English translations displayed simultaneously. The dual-language approach with
confidence scores helps users understand the system’s predictions and learn sign variations
across different linguistic contexts.

5.3.3 Cross-platform Compatibility

Unexpectedly, we encountered browser compatibility issues with video capture APIs. We
resolved this by implementing fallback mechanisms and testing across multiple browsers
to ensure broad accessibility.

6 Related Work

6.1 Arabic Sign Language Recognition Systems

Arabic sign language recognition has received increasing attention in recent years, with
several notable contributions to the field. Sidig et al. [2] introduced the KArSL dataset,
which forms the foundation of our work. Their comprehensive database provides a stan-
dardized benchmark for Arabic sign language research.

Luqman [1] developed an efficient two-stream network approach for isolated sign lan-
guage recognition, achieving promising results on the complete KArSL-502 dataset. Their
work demonstrates the effectiveness of combining spatial and temporal information pro-
cessing, which influenced our 3D CNN architecture design.

6.2 Deep Learning Approaches for Sign Language

The application of deep learning to sign language recognition has evolved significantly.
Early approaches used traditional computer vision techniques with limited vocabulary
support. Modern systems leverage convolutional neural networks and recurrent architec-
tures to handle the spatiotemporal nature of sign language.

Recent advances in 3D CNN architectures have shown particular promise for video-
based recognition tasks. These models can capture both spatial features within frames
and temporal patterns across frame sequences, making them ideal for sign language ap-
plications.

6.3 Comparison with Our Approach

6.3.1 Advantages of Our System

• Real-time Web Interface: Unlike many research systems that operate offline, our
web-based approach provides immediate accessibility

• Comprehensive Vocabulary: Supporting all 502 KArSL signs exceeds most ex-
isting Arabic sign language systems

• User-Friendly Design: Our system prioritizes practical usability over research-
only applications

Real-time Arabic Sign Language Recognition System 11



7 Conclusion and Future Work

• Dual-Language Output: Providing both Arabic and English text with confidence
scores enhances accessibility for diverse users

• Controlled Capture Period: Time-specified gesture recording ensures consistent
input quality

6.3.2 Areas for Future Enhancement

• Continuous Recognition: Most advanced systems now support sentence-level
recognition rather than isolated words

• Multi-signer Adaptation: Some systems adapt to individual signer characteris-
tics for improved accuracy

• Real-time Performance: While our system is real-time capable, further optimiza-
tion could improve response times

6.4 Gaps Addressed by Our System

Our KArSL system addresses several important gaps in existing Arabic sign language
recognition research:

• Accessibility: Most research systems are not deployed for public use

• Arabic Language Focus: Limited systems specifically target Arabic sign language

• Complete Vocabulary Coverage: Few systems support the full 502-sign KArSL
vocabulary

• Practical Implementation: Bridge between research achievements and real-world
applications

7 Conclusion and Future Work
Our KArSL Arabic Sign Language Chatbot successfully demonstrates the potential of
combining computer vision and deep learning technologies to address real communica-
tion barriers in the Arabic-speaking deaf community. The system achieves 94.38% test
accuracy on the comprehensive KArSL-502 dataset, significantly outperforming baseline
approaches and providing a practical foundation for Arabic sign language recognition
applications. Most importantly, our web-based implementation makes this technology
immediately accessible to users, moving beyond research prototypes to a functional com-
munication tool that displays predictions in both Arabic and English text with confidence
scores.

The 3D CNN architecture effectively captures the spatiotemporal patterns inherent in
sign language, while our real-time processing pipeline enables practical deployment with
response times under 0.5 seconds. The system’s ability to recognize 502 different Arabic
sign words across 11 categories, combined with dual-language output, makes it the most
comprehensive and accessible Arabic sign language recognition tool currently available for
public use.

Real-time Arabic Sign Language Recognition System 12



8 Results

However, our system has several limitations that present opportunities for future im-
provement. The current implementation processes only isolated signs rather than continu-
ous sentences, limiting natural conversation flow. Additionally, the system’s performance
is sensitive to lighting conditions and requires consistent camera positioning. The model
size of 1.47M parameters, while reasonable, could be optimized for deployment on mobile
devices or embedded systems.

Concrete next steps for enhancement include implementing sequence-to-sequence mod-
els for continuous sign language recognition, developing adaptive preprocessing for varying
lighting conditions, and exploring model compression techniques for mobile deployment.
We also plan to expand the vocabulary beyond the current 502 signs and implement user
adaptation mechanisms to improve accuracy for individual signers. Integration with nat-
ural language processing could enable more sophisticated conversation capabilities, while
multi-modal input support could enhance recognition robustness.

Future work will focus on transforming our current word-level recognition system into
a comprehensive communication platform capable of supporting natural Arabic sign lan-
guage conversations, ultimately creating a more inclusive society for the Arabic-speaking
deaf community.

8 Results

8.1 Mathematical Expressions

For our model architecture description, we can express the 3D convolution operation as:

yi,j,k =
∑
m,n,p

xi+m,j+n,k+p · wm,n,p + b (1)

where x represents the input video sequence, w is the 3D convolution kernel, and b is the
bias term.

8.2 Performance Metrics

The accuracy calculation for our model is defined as:

Accuracy =
Number of Correct Predictions
Total Number of Predictions

× 100% (2)

8.3 Additional Tables and Figures

When presenting results, ensure proper table formatting:

Sign Category Number of Signs Accuracy (%) Examples
Letters 28 96.5
Numbers 30 95.2 1-30
Family 45 93.8
Health 52 92.1

Table 3: Performance breakdown by sign category.
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