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Abstract – For people with hearing and speech disabilities, sign language is an essential 
means of communication. Yet, a communication gap between signers and non-signers 
remains large because of limited public knowledge. To overcome this limitation, this 
work proposes a machine learning–based real-time sign language recognition and 
translation system. The system captures hand movements using a standard webcam and 
uses the Mediapipe framework to recognize accurate hand landmarks. These landmarks 
are subsequently categorized using independently trained Random Forest Classifier 
models for Indian Sign Language (ISL) and American Sign Language (ASL). The 
identified gestures are translated into text and then audible speech utilizing the pyttsx3 
library, and the Google Translate API provides multilingual translation for cross-
linguistic communication. Experimental results show that the system proposed 
performs accurate real-time recognition performance through regular computing 
hardware alone. 

Index Terms – Sign Language Recognition, Mediapipe, OpenCV, Machine Learning, 
Random Forest, pyttsx3, Google Translate API, ASL, ISL, Human–Computer 
Interaction. 

I. INTRODUCTION    

Communication is the basis of social interaction, knowledge sharing, and integration within 
communities. But in the case of people with speech and hearing disabilities, communication may prove 
to be challenging within communities where sign language is not recognized. While sign language is 
expressive and effective[1][2], it is still confined to those who have been formally trained in it [3]. 
This creates a communication barrier for much of the population and underlines the importance of 
assistive technologies that can automatically interpret sign gestures. With recent technological 
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breakthroughs in machine learning, artificial intelligence, and computer vision, it is now possible to 
develop low-cost real-time sign language recognition systems. Thanks to modern frameworks such as 
Mediapipe and OpenCV, it is possible to detect and track hand landmarks from a regular webcam 
without the necessity of pricey sensors or special equipment [4]. 

The focus of this research is to develop an integrated system that is capable of identifying sign 
language gestures, constructing meaningful words, translating them into speech, and enabling 
multilingual translation. Through the use of gesture recognition, natural language processing, and text-
to-speech synthesis, the system provides smooth interaction among signers and non-signers [5]. This 
concept is in favor of accessibility and inclusivity in schools, social, and healthcare settings. 

A. Background 

Previously, sign language interpretation was reliant on human interpreters or body-mounted 
technology such as glove-based devices. While these methods worked, they were hindered by being 
costly, calibration-intensive, and mobility-constrained [6]. Advances in computer vision have 
significantly transformed this technology with the potential of gesture tracking using camera-based 
techniques. Google's Mediapipe library provides an incredibly efficient hand-tracking system that has 
the capability to track 21 important hand landmarks in real time using deep learning models [1].  

Previous research has employed deep learning methods like Convolutional Neural Networks 
(CNN) and Long Short-Term Memory (LSTM) models in gesture classification [7]. These tend to 
demand intensive computational resources and large amounts of data. RF models have been 
competitive for real-time and light applications while being less computationally expensive and being 
rapid to train [8]. With the incorporation of Mediapipe, OpenCV, and Random Forest classification, 
this study achieves a balance between accuracy and efficiency. Further, with the incorporation of text-
to-speech synthesis (pyttsx3) and translation APIs (Google Translate), inclusion and accessibility are 
enhanced even more, enabling two-way communication between hearing and hearing-impaired [9]. 

B. Problem Statement 

Despite notable progress in sign recognition technologies, a truly comprehensive and real-time 
communication system that supports multiple sign languages remains elusive. Existing approaches 
often suffer from one or more of the following limitations: 

● Inability to recognize gestures from both ASL and ISL within a single adaptable framework. 
● Inconsistent performance due to background noise, camera variations, or lighting changes. 
● Lack of stabilization and word formation logic, resulting in inaccurate or repetitive predictions. 
● Absence of integrated speech and translation modules for natural communication. 

This project addresses these challenges by developing a system that not only recognizes 
gestures but also forms complete words, converts them into audible speech, and translates them into 
multiple languages—all in real time using only a standard webcam. 
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C. Objectives 

● Create an Intelligent Recognition System:Design a real-time sign language translator and 
recognition system that can accurately identify gestures from both American Sign 
Language (ASL) and Indian Sign Language (ISL) using Mediapipe and OpenCV for 
accurate hand landmark detection. 

● Implement the integration of Machine Learning and Speech Modules:Train isolated 
Random Forest Classifier models for ASL and ISL, apply word formation with stabilization 
logic, and synthesize recognized text to natural speech using the pyttsx3 library. 

● Facilitate Multilingual and Interactive Communication:Use the Google Translate API for 
multilingual translation and design an easy-to-use GUI that shows live video, detected 
gestures, translated text, and speech output to make it accessible and interactive for users. 

II. SYSTEM DESIGN 

The proposed system is composed of five major modules that work together to enable real-time 
recognition, translation, and vocalization of sign language gestures. These modules include Data 
Acquisition and Preprocessing, Feature Extraction, Model Training, Gesture Recognition with Word 
Formation, and finally, Speech and Translation. The design ensures modularity, allowing individual 
components to be updated or improved independently while maintaining the overall functionality and 
performance of the system. 

A. Data Acquisition and Preprocessing 

The data acquisition module is responsible for capturing live video input through a webcam 
using the OpenCV library. Each frame of the video feed is analyzed using the Mediapipe framework, 
which detects and tracks 21 hand landmarks, providing accurate (x, y, z) coordinate values for each 
key point. These coordinates represent the position and orientation of the hand in real time.For model 
training, the system utilizes two primary sources — the Mediapipe Processed ASL Dataset from 
Kaggle and a custom Indian Sign Language (ISL) dataset created through controlled data collection. 
During preprocessing, the extracted landmark data is normalized and organized into structured CSV 
files to ensure uniformity, reliability, and smooth integration with the learning model. 

B. Feature Extraction 

In the feature extraction phase, the 21 detected hand landmarks are processed to generate 
numerical feature vectors. Each landmark contributes three coordinates —x, y, and z — resulting in a 
63-dimensional feature vector for every captured hand. These vectors effectively capture the geometric 
structure and spatial configuration of gestures, forming a unique signature for each sign.This 
standardized numerical representation enables the model to distinguish between different signs 
efficiently, even when performed by users with varying hand sizes, gestures, or under inconsistent 
lighting and background conditions. 
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     Fig. 1: Recognition of hand gesture and display of landmarks 

C. Model Training 

The model training phase involves the development of two independent classification models  
one for American Sign Language (ASL) and another for Indian Sign Language (ISL). The Random 
Forest Classifier (RFC), a robust and interpretable machine learning algorithm, is employed due to its 
ability to handle high-dimensional data and resistance to overfitting through ensemble learning. Each 
model is trained on its respective dataset, where multiple decision trees collectively vote on the final 
prediction, ensuring improved accuracy and stability. The models are evaluated using accuracy scores 
and confusion matrix analysis to assess performance and identify areas for refinement. Once trained, 
the models are serialized and stored for integration into the real-time recognition pipeline. 

D. Working Principle of Random Forest 

The Random Forest Classifier operates as an ensemble learning algorithm, combining multiple 
decision trees to improve prediction accuracy and reduce overfitting. It functions by creating a 
collection of independent decision trees, each trained on a random subset of the dataset and features. 
When a new input is provided, every tree generates its own classification output, and the final 
prediction is determined through a majority voting mechanism — the class that receives the most votes 
is chosen as the output.This approach follows the principle of the “wisdom of the crowd”, where the 
aggregation of multiple weak learners results in a strong overall model. 
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Fig. 2: Random Forest Classifier 

In this paper, the Random Forest algorithm was chosen for its robust performance with 63-
dimensional landmark data, resilience to noise and variation, and efficiency in real-time inference all 
of which are essential for accurate sign recognition across diverse users and conditions. 

E. Gesture Recognition and Word Formation 

During real-time operation, frames captured from the webcam are processed to extract 
landmark features, which are then passed to the trained Random Forest model for classification. To 
enhance reliability, a time-based stabilization mechanism introduces a controlled delay between 
consecutive predictions, reducing false positives and repetitive detections. Recognized letters are 
sequentially combined to form complete words, bridging the gap between static alphabet gestures and 
dynamic sentence formation. This ensures a smooth and natural interpretation of user input, making 
communication more fluid and contextually meaningful in real-world scenarios. 

F. Speech and Translation 

The final module, Speech and Translation, converts recognized text into both audible speech 
and translated text output. The pyttsx3 library is employed to generate real-time voice synthesis, 
enabling instant vocalization of recognized words. Simultaneously, the Google Translate API provides 
multilingual translation capabilities, allowing the recognized text to be translated into multiple target 
languages for enhanced accessibility. Together, these functionalities enable cross-linguistic 
communication and make the system an inclusive tool for bridging the gap between sign language 
users and non-signers. By transforming gestures into meaningful speech and text, the system completes 
the gesture-to-speech translation cycle effectively and interactively. 

 
III. RESULTS AND DISCUSSIONS 

The developed Sign Language Recognition and Translation System was extensively tested to 
assess its performance, accuracy, robustness, and usability across both American Sign Language 
(ASL) and Indian Sign Language (ISL) models. The testing phase focused on evaluating how 
effectively the system could recognize gestures in real time, form words accurately, and generate both 
speech and translated text outputs. The results confirmed that the integration of Mediapipe, OpenCV, 
and the Random Forest Classifier yielded a reliable and responsive solution capable of functioning 
efficiently on standard computing hardware. 



 

            

661 

Table. I: Evaluation Parameters 

Evaluation parameter Description / Purpose Measured Result 
Accuracy (%) Percentage of correctly recognized gestures out of 

total predictions. 
ASL: 93.1% 
ISL: 88.7% 

Precision (%) Ratio of correctly predicted positive gestures to 
total predicted positive gestures. 

ASL: 92.5% 
ISL: 87.9% 

Recall (%) Measures how well the model detects all relevant 
gestures 

ASL: 93.8% 
ISL: 89.4% 

F1-Score Harmonic mean of precision and recall, showing 
overall classification balance. 

ASL: 0.93 
ISL: 0.88 

Average Latency 
(sec/frame) 

Time required to process a single video frame and 
display output. 

0.05 – 0.08 sec 

Word Formation 
Accuracy (%) 

Accuracy in combining detected letters into correct 
words. 

90.4% 

Translation Accuracy 
(%) 

Correctness of translated text from Google 
Translate API. 

97.2% 

 

Fig. 3: Multilingual sign-to-text translation in action-Telugu and Japanese examples. 

 

Fig. 4: Multilingual sign-to-text translation in action-Telugu and Japanese examples. 

During testing, the models achieved a recognition accuracy ranging between 88% and 93% 
under standard lighting conditions and against neutral backgrounds. This performance demonstrates 
the effectiveness of the Random Forest Classifier in distinguishing between subtle hand movements 
and similar gesture patterns using the 21-hand landmark features extracted by Mediapipe. The models 
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were further tested under different environmental conditions, including variations in illumination, 
camera angle, and background noise. Despite these changes, the system maintained consistent 
performance, with only minor fluctuations in accuracy. This confirms the robustness and 
generalization capability of the trained models, making them adaptable to real-world scenarios where 
conditions are rarely uniform. 

A key factor contributing to the system’s effectiveness is its word formation and stabilization 
logic, which introduces a short delay between consecutive predictions. This delay prevents rapid 
fluctuations or repeated alphabet detections, ensuring that transitions between letters appear smooth 
and natural. As a result, the system produces coherent and readable word outputs, significantly 
improving user experience and communication clarity. This mechanism effectively bridges the gap 
between static gesture recognition and continuous, meaningful word generation — a crucial feature 
for real-time sign interpretation. The real-time prediction pipeline, built with OpenCV for video 
streaming and Mediapipe for landmark tracking, consistently delivered smooth and stable frame rates 
on standard systems without the need for GPU acceleration. This confirms the system’s computational 
efficiency and accessibility, making it suitable for deployment even on mid-range laptops or personal 
computers. The combination of optimized preprocessing, efficient model inference, and controlled 
frame handling ensures minimal latency, enabling users to communicate without noticeable delays 
during interaction. 

The integration of the pyttsx3 text-to-speech engine added an essential auditory dimension to 
the system. Each recognized word was instantly converted into clear and natural speech, allowing real-
time vocal feedback. Since pyttsx3 operates offline, this feature remains functional even without 
internet access an important advantage for accessibility and portability. Additionally, the Google 
Translate API enriched the system’s capabilities by providing instant multilingual translation. 
Recognized words were translated into the user’s preferred language, broadening the system’s reach 
and enabling communication across linguistic boundaries. This dual functionality of speech synthesis 
and translation makes the system not only intelligent but also deeply inclusive. The results demonstrate 
that the fusion of computer vision, machine learning, and natural language processing technologies 
creates a highly inclusive and user-friendly communication platform. The system successfully bridges 
the gap between hearing-impaired users and non-signers, transforming hand gestures into spoken and 
translated words with impressive accuracy and responsiveness. 

Its ability to handle both ASL and ISL gestures, maintain stable performance across varied 
conditions, and generate multilingual speech output highlights its real-world practicality. The 
outcomes affirm that this integrated approach not only promotes technological innovation but also 
fosters social inclusion and accessibility, empowering individuals with speech and hearing 
impairments to communicate more freely and effectively. 

IV. CONCLUSION 

The Sign Language Recognition and Translation System that was created uses computer vision, 
machine learning, and natural language processing to let people who use sign language and people 
who don't use it talk to each other in real time. It makes sure that gestures are correctly interpreted in 
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all situations by using Mediapipe and OpenCV for precise gesture detection and a Random Forest 
Classifier for strong recognition. The system turns gestures into spoken and written outputs right away 
using pyttsx3 for speech and Google Translate for translation into many languages. It works well in 
real time without needing high-end hardware, allowing for smooth word formation and very little 
delay. Deep learning integration (CNN, LSTM), bigger datasets, and deployment on mobile and web 
are some of the things that will be better in the future. The system makes communication easy, smart, 
and seamless for everyone, including people who have trouble hearing or speaking. 
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