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ABSTRACT :

This paper presents a real-time Indian Sign Language (ISL) recognition system that enhances communication for individuals with hearing and speech impairments.
Leveraging the YOLOV8 object detection model, the system achieves superior accuracy and speed in detecting static and dynamic gestures. A comprehensive
dataset of 1,000 annotated ISL gesture images was utilized for training, ensuring robust model performance across diverse scenarios. The system integrates concepts
from multi-object tracking algorithms to recognize sequential and dynamic gestures, allowing for real-time adaptability. Initial testing shows a mean Average
Precision (mAP) of 0.8, demonstrating the model’s reliability and precision. Future work focuses on improving gesture tracking, deploying the system on loT
devices, and expanding functionality to include multilingual support for enhanced accessibility. This paper highlights the design, implementation, and potential
impact of this assistive technology in promoting inclusivity
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1. Introduction:

Individuals with hearing and speech impairments face daily challenges in communication, often limiting their par ticipation in social, educational, and
professional activities [1]. While assistive technologies have progressed, many ex isting solutions lack real-time performance and adaptability. Indian
Sign Language (ISL), the primary communication medium for a significant demographic, remains underrepre sented in technological advancements [2].
This paper proposes a machine learning-powered ISL recognition system to bridge this communication gap. By utilizing the YOLOV8 object detection
model, known for its precision and speed, the system effectively translates gestures into written or spoken language [3]. Drawing inspi ration from multi-
object tracking algorithms like ByteTrack, the system incorporates dynamic gesture recognition to address real-world complexities, such as sequential
signing and variable hand movements. The proposed solution emphasizes scalability and practi cal deployment. It supports users in diverse environments,
from classrooms to public spaces, ensuring reliable com munication assistance. This work highlights the synergy of advanced deep learning models and
robust tracking mechanisms, presenting a transformative assistive tool for individuals with disabilities. The paper details the system’s development,
challenges, and future directions while empha sizing its potential for societal impact. The system’s key contributions include: ¢ Creation of a robust
dataset with over 1,000 annotated images representing ISL gestures.

* Model training and evaluation using metrics such as mean Average Precision (mAP) and F1-score, achieving precision rates of 98%.
* Real-world testing in diverse scenarios, showcasing adaptability to environmental noise and lighting vari ations.
* A roadmap for integrating IoT-enabled solutions and dynamic gesture recognition.

2. Literature Survey

Zhang et al. (2023) presented a real-time sign language recognition system using the YOLOv8 architecture enhanced with transfer learning techniques.
Their work focused on improving recognition accuracy and reducing latency for American Sign Language (ASL) gestures. By fine-tuning pre-trained
YOLOV8 models on custom datasets, the system achieved high precision and fast inference, demonstrating YOLOV8's potential for real-time assistive
applications. This research laid the groundwork for implementing YOLO-based sign language systems with minimal computational overhead.

Patel et al. (2023) introduced an enhanced gesture recognition framework built on YOLOVS8, aiming to address real-world challenges such as lighting
variability and occlusions. They applied extensive data augmentation and incorporated attention mechanisms to boost detection reliability. Their system
surpassed the performance of prior models like YOLOvV5 and SSD in accuracy and robustness. This study highlights the importance of refining dataset
quality and model architecture to handle unpredictable input conditions, which is particularly relevant for sign language used in diverse environments.


http://www.ijrpr.com/

International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page — 7377-7383 7378

Kumar et al. (2023) focused on Indian Sign Language (ISL) and proposed a real-time recognition system using YOLOV8. Their approach involved
collecting a dataset of ISL alphabet gestures and training a YOLOV8 model for static gesture classification. The system achieved a precision of over 96%
and demonstrated consistent results in real-time scenarios. This work directly supports the direction of our project, emphasizing the practical application
of object detection models in region-specific sign language recognition systems.

Wang et al. (2022) explored gesture recognition in ASL by optimizing YOLOv8 with transfer learning and fine-tuning techniques. Their model was
evaluated using multiple visual recognition benchmarks and exhibited superior accuracy and generalization compared to earlier YOLO versions. The use
of detailed evaluation metrics and real-time testing made their findings valuable for developers of sign language interpreters and gesture-based interfaces.

Lastly, Singh et al. (2022) proposed a real-time gesture recognition system for sign language using YOLOVS integrated with multi-class detection
capabilities. Their work emphasized low-latency recognition and robust classification of hand gestures in uncontrolled environments. The study's results
underscored YOLOV8's effectiveness in recognizing complex gestures with minimal error, making it a preferred model for real-time assistive technology
applications. This research reinforces the suitability of YOLOV8 in systems like ours, which aim to bridge communication gaps for the hearing and speech
impaired.

3. Methodology:
The methodology consists of several distinct phases de signed to ensure robust and scalable ISL recognition.
Proposed System Architecture

The proposed ISL recognition system integrates multiple components to enable real-time gesture detection and trans lation. The system consists of
three primary layers:

. Data Collection Layer: This layer includes the dataset of 1,000 annotated ISL gesture images, representing various gestures from the Indian
Sign Language al phabet. These images are captured using high-quality cameras for training the model.

. Model Training and Recognition Layer: This layer includes the YOLOv8 model, which performs real-time gesture recognition. The model is
trained using the annotated dataset and deployed to recognize gestures captured by a camera or webcam. It also integrates multi-object tracking
algorithms to handle dynamic and sequential gestures.

e User Interaction Layer: The user interacts with the system via a web application built using HTML, CSS, and JavaScript (frontend), with Flask
as the back end framework. The system receives live video input, processes it for gesture recognition, and returns the translated gesture in real
time. MongoDB is used to store user data and logs
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Data Collection and Annotation

The foundation of the ISL gesture recognition system is built upon a carefully curated dataset consisting of 1,000 annotated images, each representing a
distinct gesture from the Indian Sign Language alphabet (A-Z). These images were captured using OpenCV, ensuring high-quality and clear visuals. The
dataset was annotated using Roboflow, which defined the regions of interest for each gesture. The dataset was balanced across all gesture classes, ensuring
the model generalizes well during real-time recognition.
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Model Training with YOLOv8

e YOLOV8 (You Only Look Once, version 8) was selected for its state-of-the-art performance in real-time object detec tion. The model was
initialized with pre-trained weights to leverage transfer learning and fine-tuned for 50 epochs. Eval uation metrics such as mAP50 and
mAP50-95 were used to ensure robustness. During training, the model achieved a mean Average Precision (mAP) of 0.8, indicating high
accuracy in detecting and classifying gestures.

Model/System Evaluation

e  The system was evaluated using metrics like mean Av erage Precision (mAP), Precision, Recall, and F1-Score.Testing under controlled
conditions showed strong perfor mance with an mAP of 0.8 across various gesture classes. These results confirm that the model accurately
detects and classifies ISL gestures.

Model Integration with Web App

e The ISL gesture recognition model was integrated with a web application:

e  Frontend (HTML, CSS, JavaScript): The user ac cesses the application via a web browser. The frontend handles live video streaming from
a webcam and sends the data to the backend.

. Backend (Flask): Flask processes video frames in real time, communicating with the machine learning model for gesture recognition.

e  Database (MongoDB): MongoDB stores user data, gesture logs, and session information.

Future Enhancements Future work includes:

e  Expanding the dataset to include more complex ISL gestures.

. Integrating dynamic gesture recognition for continuous signing.

e  Developing real-time audio or text translation of ges tures.

e  Enhancing system robustness under diverse environ mental conditions.

3.7 Hardware and Software Requirements

Hardware Requirements:
®  Processor: Intel Core i5/i7 or AMD Ryzen 5/7 (quad-core or better)
A multi-core processor is essential for handling concurrent tasks such as video capture, real-time model inference, and web server
operations. A faster CPU ensures minimal latency and smooth performance during live recognition.

e  Graphics Card: NVIDIA GPU with CUDA support (e.g., GTX 1650 or higher)
The YOLOvV8 model relies heavily on GPU acceleration for both training and real-time inference. A CUDA-enabled GPU significantly
reduces the computational load on the CPU and accelerates model processing speed, making real-time gesture recognition feasible.

e  RAM: Minimum 8 GB (16 GB recommended for smooth processing)
Sufficient RAM is required to handle large data loads, video streams, model weights, and concurrent operations of the web application. 16
GB ensures optimal performance without system lag or crashes, especially when multiple modules are active.

e  Webcam: HD webcam (720p or higher) for accurate gesture capture
An HD webcam ensures that hand gestures are captured with sufficient clarity and resolution, which is crucial for accurate detection and
classification by the model. A higher resolution also improves detection in low-light or variable lighting environments.

Software Requirements:
®  Operating System: Windows 10/11 or Ubuntu 20.04+
Windows 10/11 is the chosen operating system, as it supports all the necessary development tools, GPU drivers, and Python libraries
required for deep learning and real-time gesture recognition. It provides compatibility with frameworks like CUDA and cuDNN for GPU
acceleration, ensuring efficient training and inference. Windows is also well-suited for the tools and libraries used in this project, making it
an ideal choice for both development and deployment.

e  Programming Language: Python 3.8+
Python is the primary language for developing machine learning models and backend integration. Version 3.8+ supports modern libraries
and syntax required for building and deploying deep learning applications.
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Frameworks and Libraries:

YOLOVS8 (for model training and inference)

YOLOWS is a state-of-the-art deep learning model optimized for real-time object detection. It was chosen for its high accuracy and speed in
gesture classification tasks. The model is trained using Google Colab, leveraging the cloud's computational power for efficient training and
inference. The dataset is managed and preprocessed using Roboflow, which helps in annotating and augmenting the gesture data, ensuring a
more robust model capable of handling diverse gestures in real-time scenarios.

Flask (for backend development)
Flask is a lightweight web framework used to develop the backend server that handles video frame processing, routes recognition results,
and manages communication between the model and the user interface.

MongoDB (for data storage and management)
MongoDB is a NoSQL database used to store user data, gesture recognition logs, and session history. Its flexibility makes it suitable for
handling semi-structured data, which is common in real-time systems.

Roboflow (for annotation and preprocessing)
Roboflow is used to annotate gesture datasets and apply preprocessing techniques like data augmentation (rotation, scaling, flipping) to
improve the generalization of the trained model.

HTML, CSS, JavaScript (for web frontend)
These technologies are used to design a responsive and user-friendly frontend interface where users can interact with the system, view
gesture results, and stream live video input.

4,

RESULTS AND ANALYSIS

The proposed system achieved a precision of 98% and a recall of 98.5% in real-time tests, demonstrating minimal latency during gesture recognition.

Gesture Recognition

Figure 2 shows examples of recognized gestures and their real-time translation into text.

>RGO 4 - 11ef-bob

Fig. 2. Recognized ISL Gestures Example
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Results of Trained Model

e  The trained model demonstrated exceptional performance, achieving an mAP of 0.8 across all gesture categories. The following figures
illustrate its detection capabilities
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Fig. 5. Model Summary.
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Fig. 6: Homepage of the ISL Translator Web Application. Fig. 7: User role selection interface
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Fig. 8: Real-time video gesture recognition interface . Fig. 9: Voice-to-Text interface .

5. CHALLENGES AND FUTURE WORK

Despite the strong performance of the proposed ISL recognition system, certain challenges remain that must be addressed for improved real-world
applicability. Key issues and future enhancements are outlined below:
Challenges:
e  Gesture Variability: Different users may perform the same gesture differently in terms of hand shape, speed, or orientation, affecting
recognition accuracy.
e  Environmental Factors: Variations in lighting, shadows, and background clutter can reduce the system’s detection performance.
®  Camera Quality and Placement: Inconsistent video quality due to low-resolution webcams or improper angles may hinder gesture
interpretation.
e  Real-Time Constraints: Ensuring low-latency performance in live applications remains a technical hurdle, especially on lower-end
hardware.
Future Work:
e  Dataset Expansion: Increase the size and diversity of the dataset to include more ISL signs, user variations, and real-world scenarios.
e Dynamic Gesture Recognition: Incorporate models capable of recognizing continuous, time-sequenced gestures (e.g., full sentences or
actions).
e  Real-Time Audio Translation: Develop a module that converts recognized gestures into real-time speech output to enhance
communication.
e  System Robustness: Improve performance under varied environmental conditions, such as low light, occlusion, and cluttered backgrounds.
®  Cross-Platform Optimization: Optimize the system for use on different devices, including mobile phones, tablets, and edge devices.
e  User Personalization: Allow users to train the system to recognize personalized or region-specific gestures for better adaptability.
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6. CONCLUSION

This paper presents a robust real-time Indian Sign Language (ISL) recognition system using YOLOV8 and tracking algorithms, aimed at supporting
individuals with hearing and speech impairments. With a high mAP of 0.8, the system can convert ISL gestures to text or speech and vice versa. It
performs accurately in real-time and is user-independent. The approach combines efficient hand feature extraction with machine learning, making it
suitable for practical use. Future enhancements include dynamic gesture recognition, loT integration, multilingual support, and expansion to full-language
datasets, forming a solid base for accessible sign language interfaces.
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