
          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                            Volume: 09 Issue: 06 | June - 2025                               SJIF Rating: 8.586                                       ISSN: 2582-3930                                                                                                                                               

 

© 2025, IJSREM      | www.ijsrem.com                                         DOI: 10.55041/IJSREM50025                                             |        Page 1 
 

Al Powered Real-Time Sign Language Detection and Translation System for 

Inclusive Communication Between Deaf and Hearing Communities Worldwide 

1st M. Vasuki1, 2nd Dr.T.Amalraj Victorie2,3rd R .Rasiga3 

1Associate Professor, Department of computer Applications,  

Sri Manakula Vinayagar Engineering College (Autonomous), Puducherry 605008, India dheshna@gmail.com 

2Associate Professor, Department of computer Applications,  

Sri Manakula Vinayagar Engineering College (Autonomous), Puducherry 605008, India 

amalrajvictoire@gmail.com  

3Post Graduate student, Department of computer Applications,  

Sri Manakula Vinayagar Engineering College (Autonomous), Puducherry 605008, India 

rasigabca123@gmail.com 

Abstract - Sign language is a vital communication 

tool for individuals who are deaf or hard of hearing, 

yet it remains largely inaccessible to the wider 

population. This project aims to address this barrier 

by developing a sign language recognition system 

that converts hand gestures into text, followed by 

text-to-speech (TTS) conversion. The system utilizes 

Convolutional Neural Networks (CNNs) to 

recognize static hand gestures and translate them into 

corresponding textual representations. The text is 

then processed by a TTS engine, which generates 

spoken language, making it comprehensible to 

individuals who are not familiar with sign language. 

The approach leverages deep learning techniques to 

improve gesture recognition accuracy, particularly in 

diverse real-world scenarios. By training the CNN on 

a comprehensive dataset of sign language gestures, 

the model is able to learn important features such as 

hand shape, orientation, and motion, which are 

critical for identifying specific signs.  
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1. INTRODUCTION 

Sign language plays important role in 

communication. Despite its importance, one of the 

key challenges faced by sign language users is the 

lack of widespread knowledge and understanding of 

sign language among the general public. This 

communication barrier can often lead to frustration, 

isolation, and limited opportunities for those who 

rely on sign language in their daily lives. In recent 

years, advancements in technology have presented 

promising solutions to bridge this gap, particularly 

using gesture recognition systems that convert sign 

language into more universally understood formats 

such as text and speech. 

This project focuses on the development of a sign 

language recognition system that leverages 

Convolutional Neural Networks (CNNs) for gesture 

detection.  CNNs are well-suited for this task due to 

their ability to learn spatial hierarchies and extract 

meaningful features from images, which is essential 

for recognizing complex sign language gestures. The 

text output is then processed by a Text-to-Speech 

(TTS) engine, which converts the recognized text 

into spoken language, enabling communication 

between sign language users and individuals who do 

not understand sign language. 

By combining state-of-the-art machine learning 

techniques with real-time processing capabilities, 

this system aims to provide an efficient, accessible 

solution to the problem of communication between 

sign language users and the broader society. The use 

of CNNs ensures that the system is both accurate and 

scalable, capable of handling different hand shapes, 

orientations, and environmental conditions. 

Additionally, the integration of a TTS module makes 

the system more versatile, allowing for interactive 

and dynamic communication in both personal and 

public settings. 

 By enabling real-time, seamless translation of sign 

language into text and speech, this system has the 
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potential to break down communication barriers in 

various contexts, such as in educational institutions, 

workplaces, healthcare settings, and social 

interactions. This project represents a step forward in 

leveraging technology for social good, fostering 

greater understanding and inclusion for all 

individuals, regardless of their hearing ability. 

2. LITERATURE SURVEY 

1. Sign Language Recognition 1. Hand Gesture 

Recognition Using CNN for American Sign 

Language Alphabet (2018) 

In a study conducted by S. Molchanov et al. (2018), 

the researchers developed a Convolutional Neural 

Network (CNN) model for recognizing static hand 

gestures representing the American Sign Language 

(ASL) alphabet. The model used image 

preprocessing techniques such as resizing and 

normalization to improve training efficiency. The 

CNN architecture demonstrated good accuracy in 

classifying individual alphabet signs. The main 

advantage of this approach was its simplicity and 

high performance on clean datasets. However, a 

major drawback was that it could only handle static 

gestures, limiting its use in recognizing full words or 

sentences. Additionally, the model’s performance 

declined under poor lighting or cluttered 

backgrounds. 

2. Real-Time Sign Language Recognition Using 

MediaPipe and CNN (2020) 

R. Singh and A. Gupta (2020) proposed a method 

that integrates Google's MediaPipe framework with 

CNN to perform real-time sign language recognition. 

MediaPipe was utilized to detect and track hand 

landmarks from live camera input, and these 

landmarks were passed into a CNN classifier to 

predict the corresponding sign. Its key advantage 

was the ability to maintain accuracy even with 

variations in lighting and background, making it 

suitable for practical use. On the downside, the 

system was primarily designed for static signs and 

struggled with recognizing signs involving motion, 

such as letters like 'J' or 'Z' in ASL. It also required 

users to maintain consistent hand positioning within 

the camera frame. 

3. Sign Language to Speech Translation Using 

Deep Learning Techniques (2021) 

In their 2021 research, P. Kumar and S. Rani 

designed a complete translation system combining 

gesture recognition with speech synthesis. The 

system employed a CNN-based classifier to 

recognize hand signs from images, convert the 

recognized gestures into text, and then use a text-to-

speech (TTS) engine, such as Google's TTS API, to 

generate audible speech. The integrated solution was 

effective in translating single gestures into spoken 

words, making it user-friendly. However, its 

disadvantages included a strong dependency on 

gesture recognition accuracy; any misclassification 

at this stage led to incorrect text and speech output. 

Additionally, the TTS engine sometimes 

mispronounced uncommon words or struggled with 

accents and regional variations. 

 

4. Hybrid CNN-LSTM Model for Continuous 

Sign Language Recognition (2022) 

In a more recent study, *L. Chen, M. Zhou, and H. 

Wang* (2022) proposed a hybrid model combining 

Convolutional Neural Networks (CNN) and Long 

Short-Term Memory (LSTM) networks to recognize 

continuous sign language sequences. CNNs were 

used for extracting spatial features from individual 

video frames, while LSTMs modeled the temporal 

relationships between frames to understand dynamic 

signing. This method showed improved performance 

in interpreting gestures that spanned multiple frames, 

such as full words or short phrases. Its strength lay in 

handling dynamic and real-time inputs more 

effectively than static-only models. However, it had 

significant computational demands, requiring 

powerful hardware and longer training times. 

3. METHODOLOGY  

1. Data Collection 

A dataset of hand gesture images representing sign 

language alphabets and numbers was collected. This 

included images from various angles, lighting 

conditions, and hand orientations to ensure diversity 

and improve model accuracy. 

2. Image Preprocessing 

Captured images were resized, converted to 

grayscale or normalized to reduce noise and 

standardize inputs. Techniques like background 

removal and hand segmentation were used to isolate 

the gesture from the environment. 

3. Dataset Augmentation 

To increase the size and variety of the training data, 

augmentation techniques such as rotation, zoom, 
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flipping, and brightness adjustments were applied. 

This helped the model learn gesture variations more 

effectively. 

 

4. Dataset 

The dataset used for sign language detection 

typically consists of thousands of labeled images 

representing different hand gestures, most 

commonly from the American Sign Language (ASL) 

alphabet. A widely used dataset includes images for 

24 static letters (excluding dynamic ones like 'J' and 

'Z') and often contains around 87,000 images in total, 

with each class having roughly 3,000–3,500 

samples. The images are usually captured with 

varying hand orientations, lighting conditions, and 

backgrounds to improve model generalization. 

5. CNN Model Design 

A custom Convolutional Neural Network 

architecture was developed consisting of 

convolutional layers, pooling layers, and fully 

connected layers. The model was optimized to 

extract spatial features from gesture images and 

classify them into the correct sign category. 

6. Model Training and Validation 

The CNN was trained using the preprocessed and 

augmented dataset. The model’s performance was 

monitored using accuracy and loss metrics on 

training and validation sets to avoid overfitting and 

improve generalization. 

7. Text Conversion and Display 

Once a gesture was recognized, the corresponding 

text label (e.g., an alphabet or word) was displayed 

in real time on the user interface, ensuring immediate 

visual feedback. 

8. Text-to-Speech Integration 

A Text-to-Speech (TTS) engine was integrated to 

convert the detected text into audio output. This 

allows the system to support communication with 

people who do not understand sign language by 

providing audible speech. 

4. ARCHITECTURE DIAGRAM 

Gesture acquisition, gesture recognition, and output 

conversion. In the first stage, a live video feed or 

image input is captured using a camera, focusing on 

the user’s hand gestures. These input frames are then 

passed to the preprocessing unit, where noise is 

reduced, and the region of interest (i.e., the hand) is 

isolated. The cleaned images are fed into a 

Convolutional Neural Network (CNN) model trained 

to classify static hand gestures into corresponding 

text labels. Once recognized, the output text is 

displayed on the screen for visual feedback. The 

recognized text is further passed into a Text-to-

Speech (TTS) module, which converts the textual 

output into audible speech using a synthesized voice 

engine. This modular architecture ensures real-time 

performance and provides an effective means of 

communication for individuals who use sign 

language. 

 

Fig 1. Architecture Diagram 

5. USE CASE DIAGRAM 

The primary use case for this system is to assist 

individuals with hearing or speech impairments in 

communicating effectively with people who do not 

understand sign language.  These gestures are then 

analyzed by a trained CNN model to determine their 

corresponding text representations. The recognized 

text is instantly displayed on the screen, providing a 

clear and readable form of communication. This 

enables deaf or mute individuals to interact 

seamlessly in educational, workplace, or public 

environments where sign language interpreters may 

not be available.A secondary but equally important 

use case is the generation of audible speech from the 

recognized text using a Text-to-Speech module. This 

allows the system to speak the converted message 

aloud, helping bridge the communication gap in real-

time conversations. For instance, a user can sign a 

message, have it translated to text, and then 

vocalized to a hearing individual, all within 

seconds.This capability is particularly useful in 
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hospitals, service counters, classrooms, or other 

daily scenarios where verbal interaction is essential.  

 

Fig 2. Use Case Diagram 

 

 

6. DECUSSION AND RESULT 

The developed system effectively demonstrates real-

time recognition of sign language gestures using a 

Convolutional Neural Network (CNN). The trained 

model exhibited strong performance, particularly for 

static hand gestures like alphabets and numbers, 

achieving validation accuracy exceeding 95%. This 

high level of accuracy was due to effective 

preprocessing and dataset augmentation, which 

helped the model generalize across varying hand 

positions and lighting conditions. The system was 

able to process live video input from a webcam with 

minimal delay, enabling immediate gesture 

recognition and feedback. 

One of the significant strengths of the system is its 

ability to convert recognized gestures not only into 

text but also into spoken words using a Text-to-

Speech (TTS) engine. This dual-mode output 

enhances communication by allowing the system to 

serve both hearing and non-hearing users effectively. 

The TTS component worked reliably, producing 

clear and responsive speech output. The integration 

of gesture detection, text generation, and speech 

synthesis into a single pipeline provides a user-

friendly and accessible communication tool for real-

time interaction. 

Despite the promising results, the system showed 

limitations when handling dynamic gestures, such as 

those involving motion across multiple frames to 

represent full words or phrases. Factors like 

inconsistent lighting, complex backgrounds, and 

variations in hand size or shape occasionally affected 

recognition accuracy. To overcome these challenges, 

future improvements could involve implementing 

temporal models like LSTM or 3D CNNs, refining 

background segmentation, and expanding the dataset 

to cover more dynamic signs. Overall, the current 

solution lays a solid groundwork for further 

development toward a complete sign language 

translation system. 

 

Fig 3. Gesture prediction 

 

Fig 4. Gesture prediction 

6.  CONCLUSION 

The implementation of a sign language recognition 

system using Convolutional Neural Networks 

(CNN) has proven to be an effective approach for 

bridging communication gaps between hearing-

impaired individuals and the general public. By 

utilizing computer vision and deep learning 

techniques, the system accurately detects static hand 

gestures and translates them into readable text. The 

integration of a Text-to-Speech (TTS) module 

further enhances its usability by providing spoken 
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output, making the tool accessible and practical for 

real-time communication scenarios. 

While the system performs well with static signs, 

there is still room for improvement in recognizing 

dynamic gestures and adapting to more complex 

environments. Future enhancements could include 

incorporating temporal models like LSTMs for 

dynamic gesture recognition, expanding the dataset 

to include more sign variations, and improving 

robustness against lighting and background changes. 

Despite these challenges, the current system 

demonstrates a strong foundation for developing 

intelligent, real-time sign language translators that 

promote inclusive communication. 

8. FUTURE ENCHNCEMENT 

1. Dynamic Gesture Recognition 

 Incorporate sequence-based models like Long 

Short-Term Memory (LSTM) or 3D Convolutional 

Neural Networks (3D-CNNs) to detect gestures 

involving motion over time, such as full words or 

phrases. 

2. Expanded Gesture Dataset 

 Create or include larger and more diverse datasets 

that cover different sign languages, dialects, skin 

tones, lighting conditions, and hand sizes to improve 

model generalization. 

3. Multilingual Support 

Enable the system to recognize signs from various 

regional and international sign languages (e.g., ASL, 

ISL, BSL) and convert them into corresponding text 

and speech in multiple spoken languages. 

4. Improved Background Segmentation 

Use advanced background subtraction techniques or 

deep learning-based hand detection to isolate the 

hand region more accurately, even in cluttered 

environments. 

5. Mobile and Web Deployment 

Develop lightweight versions of the model for 

deployment on smartphones or web platforms, 

increasing accessibility and real-world usability. 

6. User Personalization 

Allow the system to adapt to individual users by 

learning their unique signing styles, hand shapes, or 

speeds through continuous feedback and 

customization. 

7. Real-Time Feedback and Correction 

Integrate feedback mechanisms to alert users of 

incorrect or unrecognized gestures and suggest 

corrections, improving user interaction and learning. 

8.Sign-to-Sign Translation 

Expand the system to support two-way 

communication by converting both gestures to 

text/speech and spoken language back to signs using 

animated avatars. 

9. Integration with Assistive Devices 

Enable compatibility with devices like smart glasses, 

AR headsets, or wearables to support hands-free 

operation and increase user independence in 

everyday situations. 
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