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ABSTRACT: 

Effective communication is vital for sharing information, ideas, and emotions. However, virtual meeting platforms like Zoom, Microsoft Teams, and Google 

Meet often fail to accommodate individuals with hearing and speech impairments, creating significant barriers to inclusivity. While sign language offers a means 

of communication for deaf individuals, its interpretation remains challenging for non-signers. Existing sign language recognition technologies are limited in 

accuracy and accessibility, making them unsuitable for seamless integration into virtual platforms. This project introduces an AI-driven system designed to bridge 

the communication gap between deaf and hearing participants in virtual meetings. The system employs advancements in deep learning, particularly Temporal 

Convolutional Networks (TCNs), to enable two-way communication in real-time. It includes three core modules: a Sign Recognition Module (SRM) that 

interprets signs using TCN, a Speech Recognition and Synthesis Module (SRSM) powered by Hidden Markov Models, which converts spoken language into text, 

and an Avatar Module (AM) that visually translates speech into corresponding signs. The Avatar Module is essential for visually representing spoken language in 

sign language format, ensuring non-signers can effectively communicate with sign language users in an intuitive and engaging way. Trained on Indian Sign 

Language, the system facilitates communication across diverse groups, including deaf, mute, hard-of-hearing, visually impaired, and non-signers. Its integration 

into popular virtual meeting platforms through a user-friendly web-based interface enhances accessibility and participation. This solution represents a significant 

advancement in fostering inclusivity and accessibility in virtual meeting environments. 

 

Index Terms:AI-powered communication, Sign Language Recognition, Temporal Convolutional Networks (TCN), Hidden Markov Models (HMM), 

Avatar-based translation, Virtual meeting accessibility, Indian Sign Language, Inclusive technology. 

I. Introduction 

As communication remains a cornerstone of human interaction, individuals who are deaf or mute often encounter significant barriers, especially when 

engaging with non-signers. Sign language serves as an effective communication medium within the deaf community, but its usability becomes limited 

in mixed communication environments. Existing technologies for sign language recognition and translation often fall short in real-world applications 

due to limitations in accuracy, speed, or accessibility [1]. To bridge this communication divide, there is a pressing need for a reliable, real-time, and 

scalable solution that facilitates two-way communication between deaf and non-deaf individuals. 

In response, this project proposes the development of an AI-powered bi-directional communication system using Temporal Convolutional Networks 

(TCNs) for Indian Sign Language (ISL) recognition and avatar-based sign synthesis. The system interprets ISL gestures and converts them into 

readable text while translating spoken language into sign language animations using a virtual avatar, thus creating an inclusive interface for 

communication. It comprises a Sign Recognition Module (SRM), Speech Recognition and Synthesis Module (SRSM), and Avatar Module (AM), all 

integrated into a web-based platform to ensure accessibility and scalability in virtual meeting environments.Previous research introduced a sign 

recognition method using the Sum of Absolute Differences (SAD) technique on RGB images to convert static gestures into text, emphasizing 

affordability by avoiding the need for sensors or gloves, but lacking support for dynamic gesture recognition [1]. Another study employed YOLOv3 

with CSPDarknet53 for real-time Bangla Sign Language detection and speech synthesis, enhancing accuracy while enabling sentence formation using 

compound signs [2]. A comparative analysis evaluated multiple classifiers (CNN, RNN, and SVM) and feature extractors (SURF, BoV) for ISL 

recognition, identifying a hybrid SVM-KMeans approach as most accurate for dynamic gestures [3]. A glove-based approach using flex sensors and 

KNN also achieved gesture recognition but presented limitations in cost-effectiveness and deployment ease [4]. Another system used MPU6050 sensors 

and SVM classification to convert gestures into speech, offering a solution for the speech-impaired through wearable hardware [5].Building upon these 

works, the proposed system eliminates the dependence on wearable hardware, supports dynamic gestures, and introduces speech-to-sign translation 

with animated avatars. By leveraging TCNs and Hidden Markov Models (HMMs) for gesture and speech recognition, respectively, the system aims to 

deliver real-time, accurate, and user-friendly communication between hearing and speech-impaired users and the wider community, particularly in 

virtual platforms like Zoom, Teams, and Meet. 
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II. Related Works 

Shrenika and Bala [1] developed a sign language recognition system using a template matching technique aimed at facilitating communication between 

deaf individuals and non-signers. The study addresses the challenge that normal people face when interpreting signs, as they are often unaware of the 

meaning behind specific gestures. The system captures hand gestures using a camera, processes the images, and converts them into text that non-signers 

can understand. Implemented using OpenCV and Python, the system leverages RGB models and Gaussian filters to preprocess images, smoothing out 

noise and detecting changes in intensities. The core of the recognition method relies on the Sum of Absolute Differences (SAD) technique, which 

compares input images to a pre-stored dataset of sign images by calculating the differences in pixel values. Their dataset contains 70 samples for each 

of the 36 symbols in sign language, ensuring comprehensive coverage of hand shapes and movements. The authors emphasize that their system 

provides a solution that does not rely on expensive equipment such as gloves or sensors, making it accessible and adaptable for use on mobile 

platforms. Their work also highlights the system's potential for both sign-to-text and text-to-sign translation, expanding its utility for real-world 

communication scenarios. However, they acknowledge that future work should focus on incorporating dynamic gestures and improving accuracy for 

continuous sign recognition. 

Talukder and Jahara [2] developed a real-time Bangla Sign Language detection system using YOLOv3 and CSPDarknet53 for efficient sign 

recognition, converting signs into text and speech with added novel signs for sentence formation. They applied HSV color space conversion, SIFT for 

feature extraction, and PCA for dimensionality reduction. 

Dhivyasri et al. [3] proposed an Indian Sign Language recognition system combining image processing and machine learning classifiers like CNN, 

RNN, and SVM. Using SURF features and models including K-Means and Bag of Visual Words, their hybrid SVM-based approach achieved the 

highest accuracy in gesture recognition. 

Anupama and Usha [4] created an automated sign language interpreter using data gloves with flex sensors. Sensor data captured via Arduino was 

classified by a K-nearest neighbor algorithm to translate hand gestures into text, improving accessibility despite some challenges in distinguishing 

similar signs. 

Chandra and Rajkumar [5] designed a sign language-to-speech prototype using MPU6050 sensors and an Arduino Nano to capture gestures. Data 

transmitted via Bluetooth was classified by an SVM model, enabling conversion of ASL and ISL gestures into speech in English and some Indian 

languages to aid communication for speech-impaired users. 

III. Methodology 

The methodology involves the design, training, and deployment of an AI-powered sign language recognition system that enables real-time translation 

of sign language gestures into spoken and written language. The process begins with the capture of live video input using a device’s webcam or camera, 

which continuously records hand and facial gestures for recognition. The video feed is processed frame-by-frame to ensure minimal latency, facilitating 

smooth and uninterrupted communication. 

In the preprocessing stage, each frame undergoes several transformations to improve data quality and reduce computational complexity. This includes 

converting RGB frames to grayscale, resizing them to standard dimensions, and applying Gabor filters for noise reduction and edge enhancement. 

Binarization is then used to convert the grayscale images into high-contrast black-and-white representations, which simplifies the detection of hand 

shapes. To isolate relevant gestures, segmentation is carried out using a Region Proposal Network (RPN), which separates the hand regions from the 

background, allowing the system to focus on meaningful motion data.Following preprocessing, the system proceeds to feature extraction, where critical 

elements such as hand shape, finger orientation, and motion trajectory are captured. This is accomplished using a Fully Connected Layer (FCL) that 

encodes the visual information into high-dimensional feature vectors. These vectors are then passed to a Convolutional Neural Network (CNN) for 

classification, where spatial and temporal patterns are analyzed to assign probabilities to specific signs, which are then mapped to corresponding words 

or phrases. 

To effectively capture the temporal dynamics of sign language, the model is trained using a Temporal Convolutional Network (TCN). TCN is well-

suited for processing sequential data, allowing the system to learn dependencies and variations across gesture sequences. The model is trained on a 

comprehensive dataset comprising diverse sign language gestures, using optimization techniques such as batch normalization and dropout to enhance 

generalization and prevent overfitting. 

Once trained, the model is deployed in a real-time environment, where it processes live video input, performs gesture classification, and outputs 

translated text or synthesized speech. To enable multilingual communication, a Multilanguage Interpretation module is integrated. This module 

employs Natural Language Processing (NLP) techniques to translate recognized gestures into multiple languages and also supports speech-to-sign 

translation using Mel-Frequency Cepstral Coefficients (MFCC) for feature extraction and Hidden Markov Models (HMMs) for speech decoding. The 

translated text is then converted into sign language using a 3D AI-powered avatar.The Avatar Generation module creates a lifelike visual representation 

of sign language, translating speech or text into animated gestures in real time. This is achieved through motion synthesis and gesture mapping 

algorithms, ensuring accurate and expressive visual communication. Additionally, the Visual Communication component enables two-way interaction 

by converting text responses from deaf users into synthesized speech, thus ensuring inclusive and accessible communication for all participants in a 

virtual setting. 
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IV. Experimental Analysis  

Dataset Description 

This project uses a robust and diverse dataset consisting of over images and video frames representing various sign language gestures, including the 26 

letters of the English alphabet, numbers from 0 to 9, and commonly used words and phrases. The dataset was collected using Media Pipe Hands and 

Pose estimation models, ensuring precise detection of hand landmarks and key points. Data samples were captured under varying lighting conditions, 

backgrounds, and hand orientations, enhancing the model’s ability to generalize across real-world scenarios. The dataset includes participants of 

different age groups and skin tones, contributing to its inclusivity and robustness. Each gesture class is stored in clearly labeled directories in JPG and 

MP4 formats, and annotated with metadata such as gesture name, timestamp, and frame count. The dataset is suitable for training deep learning models 

for gesture recognition, sequence classification, and real-time sign translation tasks. 

 

Performance Analysis 

To evaluate the performance of the proposed sign language recognition system, several key classification metrics were computed: 
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Confusion Matrix: 

The confusion matrix provides insight into how well the system classifies different gestures: 

• True Positives (TP): Correctly classified gesture images. 

• False Positives (FP): Incorrectly classified as the target gesture. 

• True Negatives (TN): Correctly identified non-target gestures. 

• False Negatives (FN): Missed correct gestures. 

 

Accuracy: 

Represents the proportion of correctly classified gestures out of all samples: 

Accuracy=TP+FP / TN+FN + TP+TN 

A high accuracy implies that the model correctly predicts the majority of the signs. 

 

Precision: 

Indicates the number of correctly predicted positive observations to the total predicted positive observations: 

Precision=TP / FP + TP 

High precision shows that when the model predicts a specific gesture, it is often correct. 

Recall: 

Measures the ability of the model to correctly identify all relevant instances: 

Recall=TP / FN + TP 

A high recall value suggests the model successfully identifies most gestures. 

F1-Score: 

The harmonic mean of precision and recall: 

F1−Score=2× ((Precision x Recall) (Precision + Recall)) 

This is especially useful when there's an imbalance in the dataset across gesture classes. 

Results 

• Accuracy: 98% 

• Precision: 98% 
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• Recall: 99% 

• F1-Score: 98.5% 

The system demonstrates high performance across all metrics, indicating that it can reliably classify a wide range of sign gestures in real time. The 

Temporal Convolutional Network (TCN) and CNN backbone contributed significantly to capturing spatial and temporal features, improving overall 

gesture recognition accuracy. 

RESULTS 

The Sign Language Recognition module achieved an accuracy of 98%, confirming its effectiveness in recognizing both static and dynamic hand signs 

in real-time. The Speech Recognition and Synthesis module delivered over 97% accuracy in translating spoken language into text and generating 

natural-sounding audio responses. The 3D Avatar Generation module successfully produced real-time animated gestures synchronized with audio and 

text inputs, enabling visually enriched communication. Additionally, the system supported multilingual sign-speech translation, enhancing its 

adaptability and usability for users across diverse linguistic backgrounds. 

DISCUSSION 

These results demonstrate the system’s capability to facilitate inclusive communication between hearing and hearing-impaired individuals using AI-

powered solutions. The high accuracy, seamless gesture recognition, and natural language processing ensure reliable real-time performance, making it 

suitable for various domains including education, virtual meetings, and public services. The integration of a realistic avatar for gesture visualization 

enhances user engagement and comprehension. Furthermore, multilingual support significantly increases the system’s accessibility. Future 

developments should aim at extending sign language support to regional and global variants, incorporating facial expression and emotion recognition 

for contextual understanding, and refining the user interface based on continuous feedback to ensure a seamless user experience in real-world 

environments. 

V. Conclusion 

In conclusion, this project successfully bridges the communication gap between deaf and non-deaf users by integrating advanced Sign Language 

Recognition, Speech Recognition, and Avatar-Based Visual Communication into a virtual meeting platform. Leveraging the SignNet model powered 

by Temporal Convolutional Networks (TCNs) for accurate gesture recognition and Hidden Markov Models (HMMs) for translating speech into sign 

language, the system enables real-time, seamless interaction. Its integration with Jitsi ensures effective virtual meetings, while multilingual 

interpretation, speech synthesis, and notifications enhance accessibility for diverse users. This inclusive and scalable solution significantly improves 

virtual communication for the deaf community. 

FUTURE ENHANCEMENT 

In the future, the system can be enhanced by incorporating support for regional and international sign languages, expanding platform compatibility to 

include Zoom, Microsoft Teams, and Google Meet, and refining the avatar module with realistic 3D animations, facial expressions, and lip-sync 

capabilities. Developing a mobile application will increase accessibility across devices, while adding automated meeting transcription and 

summarization using AI can further enhance usability. These enhancements will contribute to a more comprehensive, user-friendly, and inclusive 

communication experience. 
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