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Abstract: The project aims to develop an automated sign language recognition system using MediaPipe and Machine Learning 

Algorithms to bridge communication gaps for the deaf-mute community. By leveraging MediaPipe’s hand tracking for real-

time feature extraction, the system interprets gestures from diverse sign languages. The model is trained on a varied dataset and 

evaluated using metrics like accuracy and F1-score. It will be implemented in a user-friendly interface, without wearable 

sensors. Future work includes expanding the dataset and real-world testing to enhance applicability. 
 

I. INTRODUCTION 

Sign language enables effective communication within the deaf community through visual gestures. However, a gap exists 

when interacting with hearing individuals, often bridged by costly human translators. Advances in deep learning and computer 

vision now offer automatic sign language recognition, reducing this gap and empowering deaf individuals. Unlike earlier 

sensor-based systems, modern computer vision techniques use bare hands and are more cost-effective. These methods involve 

hand-tracking and feature extraction but face challenges in real-time processing on mobile devices due to their resource 

demands. 
 

II. REVIEW OF LITERATURE 

A review of the literature on Sign Language Recognition (SLR) reveals the evolution of methods and technologies in this field. 

Early systems, such as those by Shukor et al. (2015) and Kurdyumov et al. (2011), utilized sensor-based approaches, including 

data gloves and webcams, which, despite their effectiveness, were limited by issues of cost and user comfort. As technology 

advanced, computer vision techniques gained prominence. Almeida et al. (2014) demonstrated the use of RGB-D sensors for 

feature extraction in Brazilian Sign Language, emphasizing the shift towards non-wearable methods. 
 

This evolution continued with the adoption of machine learning models, where Murakami and Taguchi (1991) first explored 

recurrent neural networks for gesture recognition, and Sharma et al. (2020) and Taskiran et al. (2018) enhanced real-time ASL 

recognition using deep learning and convolutional neural networks. Recent advancements, such as MediaPipe Hands by Zhang 

et al. (2020), further improved real-time hand tracking and gesture recognition, eliminating the need for wearable sensors and 

addressing earlier limitations. Despite these advances, challenges remain in real-time processing and hand-tracking accuracy, 

as noted by Elakkiya et al. (2012) and Baranwal & Nandi (2017). Future research aims to overcome these challenges, expand 

gesture vocabularies, and enhance the inclusivity and adaptability of SLR systems. 
 

III. EXISTING SYSTEM AND PROPOSED SYSTEM 

 
The current mentoring system integrates both formal and informal relationships within organizations, offering crucial career 

and psychosocial support to individuals. Despite its merits, this system frequently encounters limitations due to insufficient 

comprehensive mentor training and a lack of continuous evaluation, especially in early childhood education contexts. These 

shortcomings hinder the system's ability to foster meaningful professional growth and improve the quality of educational 

practice effectively. 

 
In many early childhood settings, mentors often lack adequate training to provide consistent, high-quality guidance. The 

absence of structured training programs means that mentors may not be fully equipped to support their mentees' diverse needs. 

Additionally, the lack of continuous evaluation means that the effectiveness of mentoring relationships is not regularly 

assessed, which can lead to stagnation and missed opportunities for professional development. 

 

 

 



© 2024 IJRAR October 2024, Volume 11, Issue 4                  www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138) 

IJRAR1DUP055 International Journal of Research and Analytical Reviews (IJRAR) 228 
 

The proposed system addresses these challenges by implementing several key enhancements. Firstly, it introduces structured 

training programs designed to equip mentors with the necessary skills and knowledge to offer effective support. These 

programs will be complemented by clear guidelines that define the roles and expectations of both mentors and mentees. 

Secondly, the system emphasizes the importance of reflective practice, encouraging mentors to continuously evaluate and 

improve their approach based on feedback and self-assessment.Furthermore, the proposed system incorporates continuous 

evaluation mechanisms to regularly assess the effectiveness of mentoring relationships. This ongoing assessment will ensure 

that mentors are providing valuable support and that professional development is aligned with the evolving needs of the 

individuals they mentor. 

 
By addressing these areas, the proposed system aims to create a more dynamic and effective mentoring environment. This will 

not only enhance the quality of professional practice in early childhood education but also support mentors and mentees in 

achieving their developmental goals, leading to overall improvement in educational outcomes. 

 
IV. ALGORITHMS USED 

 

Random Forest Classifier 

 
The Random Forest classifier is an ensemble learning method used to classify hand gestures based on the landmarks detected 

by MediaPipe. This algorithm constructs multiple decision trees during the training phase. Each tree is trained on a different 

subset of the training data, and the final prediction is made by taking the majority vote from all the trees. 

 
Mediapipe 

 
MediaPipe Hands, developed by Google, is a machine learning-based solution designed for real-time hand landmark detection 

and processing. It can detect and track 21 hand landmarks with high precision, providing the coordinates of key points on the 

hand such as fingertips, knuckles, and the base of the hand. These landmarks are for accurately recognizing and interpreting 

hand gestures 

 
V. METHODOLGY 

 
The methodology for sign language detection using MediaPipe and machine learning outlines steps for developing an 

accessible gesture recognition system. This includes requirements gathering, system design, implementation, testing, and 

deployment. MediaPipe handles real-time hand landmark detection, while machine learning algorithms classify gestures. 

Iterative development and user feedback refine features and usability, ensuring a sophisticated and inclusive communication 

tool. 

6.1 WORKFLOW 

The workflow begins by initializing a Flask application with user authentication, database setup, and email configuration. 

Mediapipe processes webcam video to detect hand landmarks, which are then classified into sign language gestures using a 

Random Forest model. The application overlays predictions on the video feed and updates the user interface in real-time. Flask 

routes manage user interactions, including login, registration, and password management, while ensuring smooth, dynamic 

feedback and seamless session handling for an effective sign language detection experience. 
 

6.2 HAND MARK MODEL 
 

The hand landmark model uses Mediapipe for detecting and tracking hand landmarks in real-time webcam video. It initializes 

with specific parameters, captures video frames, and processes them in RGB color space. Mediapipe detects hand landmarks, 

extracts and normalizes their coordinates, and these are then classified by a Random Forest model to identify sign language 

gestures. The results are overlaid on the video feed, providing immediate visual feedback and accurate gesture recognition. 

 

 

 

 

 
 

Figure 1 Hand Landmarks 
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VI. MODEL BUILDING 

The proposed hand gesture recognition system leverages Mediapipe for precise hand landmark detection, capturing key points 

from webcam images. These landmarks are transformed into feature vectors representing the hand's spatial data. A Random 

Forest classifier, trained on these vectors, is utilized to recognize specific hand signs. This system is integrated into a web 

application using the Flask framework, enabling functionalities such as user login, registration, and real-time gesture 

predictions via a video feed. The application ensures secure authentication, supports cross-origin requests, and includes email 

functionalities for password recovery, thereby enhancing the user experience with immediate and accurate gesture recognition 

feedback. 
 

VII. CONCLUSION 
 

Our study highlights the transformative potential of MediaPipe and machine learning in real-time sign language recognition. 

By integrating MediaPipe's hand-tracking with machine learning models trained on diverse datasets, we achieved 99% 

accuracy across American, Indian, Italian, and Turkish sign languages. This surpasses existing methods, creating 

lightweight, adaptable 

models for smart devices without additional sensors. Our framework addresses variability in sign languages,  

nhancing communication for the deaf and hard-of-hearing community, offering a cost-effective, efficient solution that promotes 

inclusivity and independence in social and professional contexts. 

VIII. OUTPUT 

 

 
Figure 2: OUTPUT 

 

IX. SYSTEM MODES 

The Flask application provides user authentication, registration, and password management features with secure email 

handling. It utilizes MediaPipe for hand landmark detection and a Random Forest classifier for recognizing gestures. The 

/video_feed route streams video frames with real-time sign language predictions. The app ensures secure user management and 

integrates gesture recognition seamlessly for interactive applications. 

X. FUTURE ENHANCEMENT 

Future enhancements could involve integrating cutting-edge machine learning models to enhance gesture recognition accuracy 

and expand the application's gesture vocabulary. Introducing real-time feedback mechanisms would improve user interaction 

by providing immediate responses and guidance. Adding multi-language support and accessibility features would ensure the 

application is inclusive, accommodating diverse user needs. Optimizing video processing algorithms for better 

performance across a range of devices would improve the application's efficiency and responsiveness. Additionally, 

incorporating user analytics would provide valuable insights into user behavior and preferences, enabling targeted 

improvements.These advancements would collectively create a more powerful, intuitive, and user-centric application, 

enriching the overall experience. 
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