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Real-Time Arabic Sign Language
Recognition Using Deep Learning

Abstract

Sign language is considered the most expressive and effective way
for enabling the hearing impaired to engage in social activities and
improve their social communication skills. However, sign language
recognition systems, especially Arabic sign language, face several
challenges that hinder their recognition accuracy.

This research aims to develop a system for recognizing Arabic sign
language using deep learning techniques, specifically convolutional
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neural network (CNN) architecture. The system aims to bridge the
communication gap between hearing impaired people and their
surroundings by automatically translating Arabic sign language
gestures into written text. The performance of four CNN
architectures was tested: a custom CNN model, VGG-16, MobileNet
V1, and MobileNet V2 on two datasets for Arabic sign language, one
of which was manually built and authenticated by the Deaf and
Dumb Care Association in Homs. The results showed that the
MobileNet V2 model achieved the highest accuracy of 96% on the
manually constructed dataset, with the potential to integrate this
model into web and mobile applications for real-time translation of
Arabic sign language into written text.

Keywords: Arabic Sign Language Recognition (ASLR), Deep
Learning, Transfer Learning, Convolutional Neural Networks
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