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Abstract—Deaf and mute individuals primarily communicate using sign language, a visual-based language composed of specific hand 

gestures and movements. The advancement of computer vision and machine learning has enabled the development of Sign Language 

Recognition (SLR) systems that translate these gestures into text or speech, bridging the communication gap between the hearing-impaired 
and the general population Sign gestures are categorized into static gestures, which involve fixed hand positions, and dynamic gestures, 

which involve continuous movements. While static gesture recognition is relatively straightforward due to the stable nature of hand 

positioning, dynamic gesture recognition is more complex, requiring motion tracking, temporal analysis, and feature extraction to achieve 
accurate interpretation. Despite these challenges, both gesture recognition types play a vital role in human-computer interaction and 

accessibility solutions. This study explores the fundamental steps involved in sign language recognition, beginning with data collection, 

preprocessing, and transformation, followed by feature extraction and classification. The collected data, typically in the form of images 

or video sequences, undergoes preprocessing techniques such as background subtraction, noise reduction, and hand landmark detection. 
Transformation techniques further refine the input, enhancing recognition accuracy. Feature extraction methods, such as edge detection 

and key-point analysis, help distinguish different gestures, while machine learning algorithms, including Neural Networks, Support 

Vector Machines (SVM), and Deep Learning-based models, are used to classify and interpret the signs. Modern technologies such as 
OpenCV, Media Pipe, and artificial intelligencebased recognition models have significantly improved the accuracy and efficiency of sign 

language translation. However, challenges remain in real-time recognition, variation in sign styles across regions, occlusion, and 

scalability of systems. Future research should focus on multi-modal recognition, integrating hand gestures, facial expressions, and lip 
movements to enhance recognition precision. 

Keywords-Sign Language Recognition (SLR), Static Gestures, Dynamic Gestures, Computer Vision, Machine Learning, Data Collection, 

Preprocessing, Background Subtraction Noise Reduction, Hand Landmark Detection, Transformation, Feature Extraction, Edge 

Detection, Key-Point Analysis, Classification, Neural Networks, Support Vector Machine (SVM), Deep Learning, OpenCV, Media Pipe, 
Real-Time Recognition, Occlusion, Scalability, Multi-Modal Recognition, Facial Expressions, Lip Movements 

I. INTRODUCTION 

The project titled "Sign Language Recognition Using Machine Learning" is developed with the aim of providing an effective 
communication tool for individuals with hearing or speech impairments. Sign language is a vital medium through which many 
people express themselves, but its usage is often limited by the fact that most people in the general population are not familiar 
with it. This creates a significant communication barrier. To bridge this gap, the proposed system uses computer vision and 
machine learning techniques to recognize hand gestures and convert them into readable English text in real time. The syst em 
primarily uses a webcam to capture the user's hand gestures. The video frames are processed using OpenCV, a widely used 
library for computer vision applications. For hand tracking and landmark detection, the system uses Media Pipe, which is 
capable of detecting 21 specific landmarks on a hand. These landmarks provide detailed positional data for each finger joint and 
can be used to determine the shape and position of the hand. The project uses the NumPy and math libraries to calculate distances 
and angles between these points, allowing it to identify distinct hand gestures with high accuracy. Instead of using complex deep 
learning models like CNNs or RNNs, the project follows a rule-based approach using mathematical analysis of landmark 
positions. This approach keeps the system lightweight and responsive, making it suitable for real-time usage even on devices with 
limited processing power. CV zone, a higher-level wrapper for OpenCV and Media Pipe, is used to simplify coding and enhance 
performance. Once the system identifies the gesture, it maps it to the corresponding English alphabet or word and displays it as 
text on the screen. This helps users communicate easily without the need for an interpreter. The system is written in Python, 
making it accessible and easy to expand. Looking ahead, the project has strong potential for further development. It can be 
extended to recognize two-hand signs, dynamic gestures (such as those that involve movement), and even full sentence 
construction. Integration with text-to-speech tools can add voice output, improving accessibility further. 
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II. LITERATURE SURVEY 

 
Sign Language Recognition (SLR) has gained significant attention due to its role in bridging communication gaps between 
hearing-impaired individuals and the general population. Various approaches using machine learning, deep learning, and 
computer vision techniques have been proposed.  

      A study by Allen and Clark (2021) focused on real-time hand gesture recognition using Media Pipe and machine learning 
classifiers such as Support Vector Machines (SVM) and Random Forests. The system achieved an accuracy of approximately 
89% for both static and dynamic gestures. The authors emphasized the efficiency of Media Pipe for real-time applications but 
noted limitations in handling varying lighting conditions and complex backgrounds.  

Garcia and Perez (2019) proposed a Convolutional Neural Network (CNN)-based approach for real-time sign language 
recognition. Their model processed video frames at 30 frames per second using GPU acceleration. Image preprocessing 
techniques such as normalization and augmentation improved performance. However, the approach required high computational 
resources and was less suitable for low-power devices.  

Johnson and Harris (2020) presented a comprehensive survey of machine learning techniques for hand gesture recognition, 
including k-Nearest Neighbours (k-NN), Support Vector Machines (SVM), and deep learning methods. The study highlighted the 
importance of feature extraction techniques such as hand shape, motion tracking, and color segmentation. While traditional 
methods are computationally efficient, they may lack robustness in complex environments.  

Davis and Green (2021) introduced a hybrid deep learning model combining CNN and Long Short-Term Memory (LSTM) 
networks to capture both spatial and temporal features of gestures. Their model demonstrated high accuracy for dynamic gestures 
and outperformed traditional approaches. However, the system required significant computational power and was not ideal for 
real-time deployment on resource-constrained devices.  

Carter and Lewis (2021) reviewed vision-based hand gesture recognition systems for human-computer interaction (HCI). Their 
work analyzed colour-based, depth-based, and 3D recognition techniques. The study highlighted challenges such as sensitivity 
to lighting conditions and background noise, suggesting the use of multi-camera systems and depth sensors for improved 
accuracy.  

. 

III. PROBLEM STATEMENT 

 
Communication is an essential aspect of human interaction. However, for individuals with hearing or speech impairments, 
expressing themselves and understanding others can be a significant challenge. These individuals often rely on sign language to 
communicate, but a major limitation arises from the fact that most people in society are not trained to understand or interpret 
sign language. This communication barrier isolates the hearing-impaired community, making it difficult for them to access 
education, employment, healthcare, and social services effectively. 

Traditional methods to overcome this barrier, such as human interpreters, are not always practical or available in all situat ions. 
Moreover, interpreters can be expensive, and relying on them compromises privacy and independence. With advancements in 
technology, there is an urgent need to create intelligent, real-time, and accessible systems that can automatically interpret sign 
language and translate it into readable or spoken text for easier understanding by the general public.  

The problem becomes more complex when we consider the diverse range of gestures, hand movements, and subtle finger positions 
that constitute sign language. Recognizing these accurately in a real-time setting without bulky hardware or complex setups 
remains a significant technical challenge. While there are some systems based on deep learning models like CNNs or RNNs, they 
often require large datasets, longer training time, and more computational power, making them less efficient for realtime and 
low-resource environments. This project seeks to address these challenges by developing a lightweight, efficient, and real time 
sign language recognition system that does not rely on deep learning but instead uses computer vision and mathematical logic. 

By using a webcam and tools like Media Pipe and OpenCV, the system detects hand landmarks and processes them using Python, 
NumPy, and math libraries to identify gestures. The recognized gestures are then translated into English text. The goal is to offer 
an easy-to-use and accessible solution that can be implemented in educational institutions, public service centers, or personal 
devices to facilitate inclusive communication. This project not only contributes to reducing the communication gap between the 
hearing-impaired and hearing communities but also promotes technological inclusivity by using simple, affordable tools to solve 
a real-world problem. 

 

IV. Proposed System 

 
                        The proposed system aims to develop a real-time Sign Language Recognition (SLR) system using computer 

vision and lightweight machine learning techniques to facilitate communication between hearing-impaired individuals and the 

general population. 
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A. System Overview and Design Approach 

 
    The system captures hand gestures using a webcam and processes them using computer vision techniques. Unlike deep 
learning-based approaches, the proposed model relies on hand landmark detection and mathematical feature extraction, making 
it computationally efficient and suitable for real-time applications on low-end devices. 

 The overall workflow of the system includes: 

1. Image Acquisition  

2. Preprocessing  

3. Hand Detection and Landmark Extraction  

4. Feature Extraction  

5. Gesture Classification  

6. Text Output Generation 

. 

B. System Architecture 

           The proposed Sign Language Recognition System is designed to efficiently translate hand gestures into text using computer 
vision techniques. This system utilizes OpenCV, Media Pipe, CV zone, NumPy, Math, and Time libraries to detect, track, and 
interpret hand movements. The architecture consists of four main stages: gesture acquisition, preprocessing, recognition, and 
output generation. A webcam captures the user's hand gestures in real-time, and OpenCV processes the input frames. Media 
Pipe extracts hand landmarks, while NumPy and Math libraries help analyze finger positions and angles. The system then 
matches extracted features with predefined templates to recognize gestures and convert them into text, which is displayed on the 
screen. 
Unlike deep learning-based methods, this approach does not require extensive training data, making it faster, lightweight, and 
hardware friendly. However, lighting conditions and background complexity can impact accuracy, and the system requires 
manual updates to recognize new gestures. Despite these limitations, the system provides an efficient, cost-effective, and real-
time solution for sign language recognition, improving communication for the hearing and speech impaired. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

C. Functional Modules 

 

             The Sign Language Recognition System is implemented using Python with libraries like OpenCV, Media Pipe, CV 

zone, NumPy, Math, and Time. The system starts by capturing real-time hand gestures using a webcam. OpenCV processes 

frames, while Media Pipe detects and tracks 21 hand landmarks. CV zone simplifies visualization, and NumPy performs 

mathematical calculations to extract gesture features. The Math module calculates distances and angles between land marks for 

accurate recognition. The Time module ensures stable frame processing and prevents duplicate detections. Recognized gestures 

are mapped to predefined text outputs, allowing real-time communication without deep learning models, ensuring lightweight 

and efficient performance. 

 

Modules used  

• OpenCV  

• CV zone  

• Media Pipe  

• NumPy  

• Math  

• Time 
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1) OpenCV: 
 

                    OpenCV is an open-source computer vision library used for image processing and realtime video analysis. In the 
Sign Language Recognition System, OpenCV captures video from the webcam, processes each frame, and detects the hand region 
for recognition. The library enables drawing contours, applying filters, and detecting edges to improve gesture recognition. 
OpenCV is also used to extract features and pass them to the gesture recognition module. Its fast processing makes real -time 
hand tracking possible without requiring high computational power, ensuring a smooth user experience. 

2)  CV zone:  
 

                   CV zone is a Python library that simplifies computer vision tasks, making it easier to integrate OpenCV and Media 
Pipe functionalities. It provides predefined functions to detect and track hands effortlessly. In this project, CV zone is used to 
enhance gesture visualization by creating bounding boxes and overlaying hand landmarks. It helps in displaying recognized 
gestures in an intuitive manner. CV zone also assists in gesture-to-text conversion by linking detected hand movements to 
predefined signs. The library’s simplicity reduces the need for complex coding, making it ideal for real-time hand gesture 
interaction in the Sign Language Recognition System.  

3)  Media Pipe:  
 

                Media Pipe is a powerful framework developed by Google for real-time hand tracking and gesture recognition. It 
provides a pre-trained model that detects 21 hand landmarks, including fingertips and joints. In the Sign Language Recognition 
System, Media Pipe is responsible for detecting and tracking the hand shape, position, and movement from the webcam feed. The 
library ensures high-speed detection while being lightweight, eliminating the need for deep learning models. Media Pipe works 
seamlessly with OpenCV and CV zone to extract gesture-related features and translate them into text-based outputs, making it 
essential for real-time sign language recognition applications.  

4)  Numpy :  
 

                    NumPy is a fundamental library for numerical computing in Python. In this project, NumPy is used to handle and 
manipulate numerical data, particularly for gesture recognition calculations. It allows efficient storage and processing of hand 
landmark coordinates, enabling quick distance and angle computations between different points. NumPy is also used to create 
structured arrays of predefined gestures, aiding in gesture comparison. The library significantly enhances computational 
efficiency, allowing real-time mathematical operations on hand movement data. Its ability to handle large datasets with optimized 
performance makes it an essential component of the Sign Language Recognition System. 

5) Math :  
 

                 The Math module in Python provides essential mathematical functions used in gesture recognition. In this project, it 
is used to compute Euclidean distances, angles, and geometric relationships between different hand landmarks. The module helps 
determine finger positions, orientations, and movement directions, ensuring accurate gesture classification. Trigonometric 
functions such as cosine, sine, and tangent help analyze hand rotations and finger bends, distinguishing similar gestures. Since 
the system relies on gesture-based feature extraction rather than deep learning, precise mathematical calculations are crucial 
for gesture accuracy. The Math module ensures that gesture recognition remain slight weight and computationally efficient.  

6) Time :  
 

                 The Time module is used for handling execution timing and frame management in the Sign Language Recognition 

System. It ensuresthat gestures are detected with stability, preventing errors due to rapid movements. The module introduces 

delays where necessary, preventing multiple detections of the same gesture within a short time span. It also helps in performance 

measurement, allowing the system to track execution speed and optimize real-time processing. Time-based thresholds ensure 

that gestures are recognized only when stable, improving overall accuracy. This module is essential for maintaining a smooth 

and responsive sign language recognition experience 

 

D. Working Principle: 

           The system uses a webcam to continuously capture video frames. Each frame is processed using OpenCV for image 
handling and Media Pipe for detecting 21 hand landmarks. These landmarks represent key positions of fingers and joints. 

Mathematical operations using NumPy and Math libraries are applied to compute: 

 Distances between landmarks  

 Angles of fingers  

 Relative finger positions  

These computed features are then compared with predefined gesture patterns to classify the hand sign. The recognized gesture 
is mapped to corresponding text and displayed on the screen in real time. 
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E. FlowChart: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                    

V. RESULTS AND DISCUSSION 

 

            The Sign Language Recognition System successfully translates hand gestures into text using computer vision techniques 

without deep learning models. The system efficiently captures real-time hand movements through a webcam, processes frames 

using OpenCV, and accurately detects hand landmarks using MediaPipe. The integration of CVzone improves visualization, 

while NumPy and Math modules ensure precise gesture recognition through numerical calculations. 

7.1 Sign Recognition Example: 

                      The background features floral-patterned wallpaper, and the image appears to be captured indoors. The use of 

OpenCV and MediaPipe based hand tracking is likely enabling the recognition process. This setup suggests that the project is 

focused on converting hand gestures into text, making communication more accessible for individuals who use sign language.A 

green bounding box is drawn around the hand, and a green label with black text above it reads "Yes," indicating that the system 

has identified this sign as meaning "Yes." The image suggests that it is a demonstration of a sign language recognition. 

 

 
Fig. Final Result 

A green bounding box is drawn around the hand, and a green label with black text above it reads "Thankyou," indicating that 

the system hasidentified this sign as meaning "Thankyou". The image suggeststhat it is a demonstration of a sign language 

recognition. 

 

 Results:  

              The Sign Language Recognition (SLR) system was developed using MediaPipe, OpenCV, CVzone, NumPy, and the 

math library without relying on CNNs or RNNs. The system successfully detected and recognized hand gestures by extracting 

key features such as finger positions, angles, and distances between hand landmarks. Static gesture recognition achieved an 

accuracy of 85%, while dynamic gestures were processed using mathematical calculations and threshold-based rules, 
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maintaining a stable recognition rate. The system operated efficiently in real-time, with an average processing speed of 50-100 

milliseconds per frame, making it suitable for mobile and embedded applications. 

  

 

 Discussion:  

                The use of MediaPipe for real-time hand tracking significantly improved the efficiency of the system, reducing 

computational overhead compared to deep learning-based approaches. OpenCV and CVzone played a crucial role in image 

preprocessing and gesture segmentation, ensuring better recognition accuracy. However, challenges were observed in handling 

fastmoving dynamic gestures, especially those involving complex hand transitions. Since the system does not use CNNs or 

RNNs, it relies heavily on mathematical calculations and predefined rules, which may limit its ability to generalize to a wider 

variety of gestures. Additionally, variations in lighting conditions and occlusions affected accuracy, requiring further 

refinements in preprocessing techniques. Overall, the system provides a lightweight, real-time, and efficient approach to sign 

language recognition without deep learning models. Future improvements should focus on enhancing dynamic gesture 

recognition, improving robustness to environmental changes, and optimizing feature extraction techniques to further increase 

accuracy and adaptability across different users and sign languages. 

VI. CONCLUSION 

 

              A sign language detection system’s main objective is to give deaf and hearing people a useful way to communicate 

through hand gestures [16]. The disadvantage is that not everyone is conversant in sign languages, which restricts 

communication. Automated Sign Language Recognition systems can be used to easily convert sign language motions into 

commonly spoken languages, overcoming this restriction. The suggested approach can be used to webcams or any other built -

in cameras that can identify and process cues for recognition. The results of the model allow us to infer that, in the presence of 

controlled light and intensity, the proposed system yields accurate results. Additionally, new movements can be easily added, 

and more pictures can be taken from different perspectives.  

      The accuracy of our present models can be significantly increased by a dataset that is more diverse and of higher quality 

[16]. Additionally, we believe that adding deep learning or employing more sophisticated models, such as artificial neural 

networks, to the HOG vectors should increase accuracy since these models are able to extract richer information from these 

vectors [1]. In our experiment with hierarchical classification, we cannot conclusively declare that increasing the levels of  

hierarchy with appropriate hierarchy levels created on the basis of which nodes are being misclassified will enhance accuracy. 

More gestures can be recognized by the system by expanding the dataset. The TensorFlow model that was employed can also 

be replaced for a different model.  

 
FUTURE SCOPE: 

             

                          Sign Language Recognition (SLR) systems can be improved traditional machine learning techniques and rule-

based approaches can be optimized for better accuracy and real-time performance. Here are the key future directions for SLR 

systems.  

 

 
Improved Feature Extraction & Hand Tracking  

 
• Media Pipe & OpenCV Enhancements: Using advanced hand-tracking frameworks like MediaPipe can improve the 

efficiency of gesture recognition without requiring deep learning.  
• Mathematical Feature Extraction: Features such as hand angles, distances between key points, and velocity of movements 

can be used to recognize gestures accurately.  
• Shape-Based Recognition: Using geometric features like convex hulls, fingertips, and palm contours for robust hand tracking 

and classification.  

 
More Efficient Machine Learning Models  

 
• Support Vector Machines (SVMs): Enhancing SVMs with optimized kernels for better classification of gestures.  

• Decision Trees & Random Forests: Using tree-based models to efficiently classify hand movements based on extracted feature 

sets. 
• k-Nearest Neighbors (k-NN): Improving k-NN for real-time recognition by reducing computational overhead with 

approximate nearest neighbor search. 

 
Handling Dynamic Gestures Without RNNs  

 
• Hidden Markov Models (HMMs): Using HMMs to process sequences of gestures over time, allowing for recognition of 

dynamic signs.  
• Optical Flow Tracking: Using optical flow techniques to analyze hand motion patterns without relying on neural networks.  

• Dynamic Time Warping (DTW): Applying DTW to compare time-series hand movement data for gesture recognition.  
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Multi-Language & User Adaptability  

 
• Rule-Based Adaptation: Creating rule-based systems where users can train the model on their specific gestures for better 

personalization.  
• Language-Agnostic Recognition: Developing gesture recognition that works across multiple sign languages without needing 

language-specific training. 
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