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Abstract- A significant communication divide separates users of sign language from those who do not, often leading to the 
social and professional isolation of the deaf and hard-of-hearing community. This gap is widened by a shortage of real-time, 
portable, and affordable translation technologies. This project introduces a system engineered to overcome these barriers by 
translating sign language into text or speech, and vice versa, in real time. The primary aim is to facilitate seamless 
communication between signers and non-signers. By doing so, the project anticipates fostering greater inclusivity, enhancing 
independence for deaf individuals, and enabling their full participation in all social and professional environments. 
 
Keywords—sign language recognition, computer vision, deep learning, human-computer interaction, continuous 
SLR, transformers, accessibility technology Introduction 
  

 
Communication is a fundamental pillar of human society. For the deaf and hard-of-hearing community, sign language—

a visual language using hand gestures, facial expressions, and body movements—is a primary means of communication. 
However, a significant communication gap exists between sign language users and those who do not know sign language. 
This barrier can lead to social and professional exclusion, limiting opportunities in education, workplaces, and daily life 
The reliance on human interpreters is not always feasible or accessible, highlighting an urgent need for an affordable, 
portable, and accurate technological solution. AI-powered Sign Language Recognition (SLR) systems aim to address this 
need directly. A Live Sign Language Translator captures gestures in real-time using a standard camera, employing 
computer vision, machine learning, and natural language processing to recognize and translate them. The goal is to create 
a seamless, two-way communication tool that converts sign language into text or speech, and can also convert speech into 
sign language representations. Such a system promotes greater accessibility and independence for its users. Beyond 
accessibility, this project highlights how AI can be applied for social good, promoting inclusivity and equal participation in 
society. It can be used in schools to support deaf students, in hospitals to assist communication between doctors and 
patients, and in workplaces to create inclusive environments. Moreover, as wearable and mobile devices evolve, such 
translators can become portable and user-friendly, making them widely accessible. By eliminating communication 
barriers, it empowers individuals with hearing impairments to interact freely, gain equal opportunities, and live more 
independently. This project demonstrates the true potential of AI when applied to human needs, combining technology 
with compassion for a better society. This paper presents a comprehensive review of the state-of-the-art in AI-based SLR. 
We provide a structured overview of the technological evolution, methodologies, and persistent challenges in the field. The 
key contributions of this review are: 1.A detailed survey of modern deep learning architectures for SLR. 2.An analysis of 
the role of datasets and the critical bottlenecks related to data scarcity. 3.A thorough discussion of the open challenges 
defined by the core problem statement. 4.An outlook on future research directions required to build a user-friendly and 
effective system with low latency that requires no special hardware like gloves or sensor. 

 
The central problem is the lack of immediate and accessible communication between signers and non-signers. This leads 
to several interconnected issues: 

A. Social and Professional Exclusion: Communication barriers are a primary cause of exclusion for the deaf community. 

B. Interpreter Dependency: The reliance on human interpreters is a significant bottleneck, as they are not always 
available or affordable. 

C. Technological Gaps: Existing translation tools are often expensive, not portable, or lack real-time accuracy. 

D. Linguistic Barriers: Inconsistencies across regional sign languages can lead to miss communication and learning sign 
language presents time and resource constraints for non-signers. 
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II. PROBLEM STATEMENT AND OBJECTIVES 

I. INTRODUCTION 
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To address this, the primary objective is to develop a real-time sign language translation system using AI. The key goals for 
such a system are to: 
 

1) Accurately recognize hand gestures and facial expressions. 
2) Translate recognized signs into text and speech output. 
3) Achieve high accuracy and low latency for smooth, instant conversation. 
4) Ensure the system is user-friendly and works with standard cameras without extra hardware 

 
Before delving into the technical methodologies, it is essential to understand the linguistic properties of sign language, 

as these properties define the core challenges for any automated recognition system. Unlike spoken languages, which are 
sequential and auditory, sign languages are visual-spatial and can convey information in parallel. 

 
Ref. 

No. 

Author(s) & Year Title/ Focus Key Contribution/ Relevance 

 

1) Fang, Co, and Zhang 
(2018) 

Deep ASL – Infrared-Based 
Sentence-Level Translation  

 

Deep ASL, a system using infrared 
sensing plus a hierarchical 
bidirectional RNN and CTC 
framework, achieving ~94.5% 
accuracy on sentence- level 
American Sign Language (ASL) 
translation—pioneering non-
intrusive, ubiquitous translation. 

2) Shahin & Ismail (2024) Transformer Models in Sign 
Language Machine 
Translation (SLMT)  

 

surveyed the evolution from rule-
based methods to deep-learning 
transformer architectures for SLMT, 
offering a taxonomy and noting 
transformers outperform previous 
models in tasks like gloss-to-text 
translation. 

3) 

 

Tan et al. (2024) Comprehensive Deep 
Learning Study of Sign 
Language Processing  

 

landscape—recognition, translation, 
generation— highlighting 
limitations of gloss-based 
approaches, dataset inconsistencies, 
and evaluation challenges, while 
emphasizing the emerging role of 
Large Language Models (LLMs). 

4) A broad review (2024) Machine Learning with 
Gesture, Face, and Lip 
Detection  

 

sign language interpretation 
systems from ML, computer vision, 
and animation perspectives—
including gesture, facial expression, 
and lip reading—and discussed 
real-world deployed mobile apps 

5) Kim et al. (2024) Gloss-Free Translation via 
Multimodal LLMs  

 

novel gloss-free SLT framework 
using large multimodal language 
models (MLLMs) to describe sign 
components, aligning them with 
spoken sentences—achieving state-
of-the-art performance on 
benchmarks like PHOENIX14T. 

6) Kapil et al. (2025)  

Real-Time Multimodal 

a real-time multimodal translator 
combining speech recognition, 
Media Pipe hand tracking, and 

 
III. BACKGROUND: THE LINGUISTICS OF SIGN LANGUAGE  

 

IV. LITERATURE REVIEW 
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Translator Prototype  

 

Google Translate API—
demonstrating practical bridge 
between spoken, written, and 
signed formats. 

7) Lepp et al.  (2025)  Community-Centered Sign 
Language Machine 
Translation  

 

the lack of meaningful user 
(especially Deaf community) 
involvement in SLMT R&D, urging 
more inclusive and representative 
development practices. 

8) Kouremenos & 
Ntalianis (2025) 

GLaM-Sign: Multimodal 
Greek Accessibility Dataset  

 

GLaM-Sign, a multimodal dataset 
combining audio, video, textual, and 
Greek Sign Language translations to 
aid real-time translation—with 
applications in tourism, education, 
and healthcare. 

9) Elvin Lalsiembul Hmar, 
Bornali Gogoi, Nelson 
R. Varte (IJERT, Aug 
2025) 

 

Sign Language Recognition 
(SLR); static, continuous, 
translation tasks, plus 
architectures etc. 

highlights attention models, gloss-
free systems, neuromorphic 
hardware; identifies challenges like 
signer variability, linguistic 
complexity; suggests future 
directions like edge-optimized 
architectures, inclusive datasets, 
explainable AI 

10) Hanna M. Dostal, 
Jessica A. Scott, Marissa 
D. Chappell, 
Christopher Black 
(Behavioural Sciences, 
Aug 2025) 

A Scoping Review of 
Literacy Interventions Using 
Signed Languages for 
School-Age Deaf Students 

Found that integrating signed 
language into literacy instruction 
improves access and outcomes; 
identified gaps (e.g. fewer studies 
with large samples, under-
representation in certain regions; 
variable methodologies). 

11) Refia Daya, 

Santiago Berrezueta- 
Guzman, Stefan 
Wanger (2025) 

Virtual Reality in Sign 
Language Education: 
Opportunities, Challenges, 
and the Road Ahead 

gesture recognition + real-time 
feedback, interactive environments, 
gamification, personalization, 
inclusivity; constraints: hardware, 
accuracy, inclusivity of design; 
suggests actionable 
recommendations. 

12) Hanaa ZainEldin, 
Samah A. Gamel, Fatma 
M. Talaat, Mansourah 
Aljohani, Nadiah A. 
Baghdadi, Amer Malki, 
Mahmoud Badawy, 
Mostafa A. Elhosseini   
( 2025) 

A Survey of Advancements 
in Real-Time Sign Language 
Translators: Integration 
with IoT Technology 

Looks at AI / ML / DL approaches in 
these systems; discusses challenges 
like latency, device constraints, 
varied sign language vocabularies, 
real-world deployment. 

13) Jalindar Nivrutti 
Ekatpure, Divya 
Bhagvat, Shaikh Aman 
Hashim, Saniya Rashid, 
Siddhesh Bhanudas 
Thombare (2025) 

A Survey on Sign Language 
Translation Systems: 
Bridging Gestures, Text, and 
Audio for Enhanced 
Communication 

Categorizes existing systems; 
discusses challenges in recognition 
accuracy, usability, accessibility; 
explores approaches and suggests 
future lines to improve translation 
quality. 

14) The Review of Socio-
network Strategies 
(2025) 

A Critical Study of Recent 
Deep Learning-Based 
Continuous Sign Language 
Recognition (Review) 

Emphasizes issues like sign 
boundary detection, temporal 
segmentation, the need for more 
realistic datasets, better modelling 
of non-manual cues (facial, body 
posture) etc. 
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V. METHODOLOGY  
 

1)  System Work flow : 
 

As illustrated in the general architecture, a typical SLR system operates as follows: 

a) Gesture Capture: A standard webcam or mobile camera captures a live video stream of the user's gestures. 

b) Preprocessing: Individual frames are extracted from the video. Techniques are applied to reduce background noise    
and normalize the images for consistent analysis. 

c) Gesture Recognition: An AI/ML model processes the preprocessed frames. This model, often a CNN or a specialized 
framework like Media Pipe Hand Tracking, detects key hand landmarks and classifies the gesture as a specific sign. 

d) Translation: The recognized sign or sequence of signs is mapped to its corresponding word or phrase. 

e) Output: The translated text is displayed on-screen and simultaneously converted into audible speech. 

 
2) Machine Learning Models: 

The core of the recognition engine can be implemented using several approaches, ranging from simple to complex: 

a) Rule-Based Mapping: This method involves a direct mapping of a recognized word or letter to a pre-stored image 
or GIF of the corresponding sign. While simple to implement, this approach is not scalable for a large vocabulary. 

b) CNN for Isolated Signs: For recognizing individual alphabet signs (A-Z) or static gestures, a Convolutional Neural 
Network (CNN) is highly effective. The CNN is trained to classify images of handshapes into distinct categories. 

c) CNN + RNN for Sequences: To recognize short sign sequences or dynamic gestures, a hybrid model is often used. A 
CNN extracts spatial features from each frame, and a Recurrent Neural Network (RNN), such as an LSTM or GRU, processes 
the sequence of these features to understand the temporal pattern. 

d) Transformer-Based Models: For the highly complex task of continuous sign language translation, Transformer 
models have become the state-of-the-art. As noted by Hadfield & Bowden, transformers show strong gains, although they 
still face challenges with non-manual features and signer generalization. 

 

VI. BLOCK DIAGRAM  
 

 
 

VII. COMPONENTS OF SIGN LANGUAGE 
 

A sign is composed of several fundamental parameters, often referred to as phonemes in spoken language. The primary 
components are: 

A. Hand shape: The specific configuration of the fingers and thumb. 

B. Orientation: The direction the palm is facing. 

C. Location: The place on the body or in the signing space where the sign is produced. 

D. Movement: The trajectory and action of the hands. 

E. Non-Manual Features (NMFs): These are crucial for conveying grammatical information, syntax, and emotion. They 
include: 

1) Facial Expressions: Eyebrow movements, for instance, can distinguish a statement from a question. 
2) Mouth Morphemes: Specific mouth shapes can modify the meaning of a manual sign. 
3) Body Posture and Head Tilt: These can indicate tense, subject-object relationships, or reported speech. 
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The parallel and multi-channel nature of these components makes vision-based SLR exceptionally challenging. A robust 
system must not only track the hands but also perceive and interpret subtle changes in the signer's face and upper body 
simultaneously. 
 

VIII. SIGN LANGUAGE DATASETS 
 

Here are some notable datasets available for ISL recognition research: 
 

A. INCLUDE Dataset: Developed by researchers at IIIT-Delhi, this is one of the most significant ISL datasets. It features 
continuous sentences signed by multiple native signers. The dataset is particularly valuable for its focus on daily 
conversation and includes annotations for gloss, part-of-speech tags, and corresponding Hindi translations. 

B. IIT Madras Indian Sign Language Dataset: This is a large-scale dataset focusing on isolated signs. It contains thousands 
of videos of common ISL words signed by multiple individuals, making it suitable for training models for isolated SLR 
tasks. 

C. BITS Pilani ISL Dataset: This collection focuses on static alphabet signs and numbers. It's often used for building 
foundational models that can recognize fingerspelling, which is a crucial component of sign language. 

D. Jadavpur University School of Education Technology (JU-SET) Dataset: This dataset includes a vocabulary of isolated 
words commonly used in academic and classroom settings, aiming to bridge communication gaps in education. 

 

IX. KEY CHALLENGES AND OPEN PROBLEMS 
 

Despite significant progress, several major challenges prevent SLR systems from achieving the fluency required for 
widespread use. 

 

1) Co-articulation and Segmentation: In continuous signing, the boundaries between signs are blurred. Identifying   
where one sign ends and another begins is extremely difficult. 

2) Non-Manual Features (NMFs): As noted in the literature, facial expressions and body posture are vital grammatical 
components but are often weakly modeled or ignored. Accurately recognizing and integrating these features is a key 
hurdle. 

3) Signer Independence: Models often fail to generalize to new users whose signing style differs from the training data. 
This issue of "signer generalization" is a persistent weak point. 

4) Data Scarcity and Diversity: The lack of large, varied, and well-annotated datasets remains the single biggest 
bottleneck. Existing corpora are often limited in domain, number of signers, or environmental conditions. 

5) Scalability: Expanding the system’s vocabulary to thousands of signs is a non-trivial task. A scalable architecture is 
needed to allow for the addition of more signs over time without a complete redesign. 

 

X. FUTURE DIRECTIONS AND OPPORTUNITIES 
 

The future of SLR research lies in addressing these challenges. The work done on this project, including the 
preparation of a dataset with alphabet signs, common phrases, and GIFs of sign actions, serves as a foundation. The next 
steps align with the broader goals in the field: 

A. Model Training and UI Development: The immediate work involves training a robust machine learning model and 
developing a simple, interactive user interface for two-way communication. 

B. Advanced Multi-modal Fusion: Future models must effectively integrate features from the hands, face, and body to 
capture the full linguistic richness of sign language. 

C. Self-Supervised Learning: To combat data scarcity, self-supervised techniques can be used to learn powerful visual 
representations from large amounts of unlabeled video data. 

D. Personalization: Creating models that can adapt to an individual user's signing style would significantly improve 
usability and accuracy. 

E. Community-Centric Development: It is paramount that development is done in collaboration with the Deaf community 
to ensure the final product is useful, respectful, and truly meets their needs. 

A real sign language, however, has a much larger lexicon, akin to a spoken language. Scaling models to handle tens of 

 Thousands of signs is a significant challenge due to the "curse of dimensionality" and the increased risk of confusion 
between visually similar signs. 
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XI. CONCLUSION 
 

AI-based Sign Language Recognition has made remarkable strides, moving from concept to increasingly viable prototypes. 
The goal is a portable, cost-effective, and user- friendly system that bridges the communication gap for deaf and mute 
individuals. By leveraging modern AI models like signer variability, and the complexity of language itself remain. Future 
work must focus on creating more robust and generalizable models, expanding datasets, and ensuring that the technology 
is developed ethically and inclusively. The ultimate vision is to foster seamless communication, thereby promoting equal 
participation and greater independence for the Deaf community in all aspects of life. 
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