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Abstract- A real-time web-based system for translating 

American Sign Language (ASL) gestures into spoken 

and written language is developed using advanced 

machine learning and computer vision techniques. This 

work integrates a live WebRTC video pipeline on a 

React front end with a Flask server backend to capture 

and process gesture videos. Computer vision libraries 

(OpenCV and MediaPipe) extract hand landmarks 

from each frame, while a hybrid deep learning model 

(convolutional neural network followed by Long Short-

Term Memory (LSTM) layers in TensorFlow) 

interprets the temporal sequence of gestures to predict 

the intended sign. The recognized sign is then output as 

text and synthesized into speech using a text-to-speech 

API. We evaluate the system on an ASL gesture dataset, 

measuring recognition accuracy and latency. 

Experimental results demonstrate high accuracy and 

real-time performance, confirming the feasibility of 

ASL translation technology. 
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I. INTRODUCTION 

 

American Sign Language (ASL) is a visual language 

used by millions of deaf and hard-of-hearing 

individuals to communicate. It relies on coordinated 

hand gestures, facial expressions, and body 

movements to convey meaning. Hand gesture 

recognition (HGR) systems have been explored to 

bridge the communication gap between Deaf and 

hearing communities; for example, computer vision 

techniques can recognize sign language and translate 

it into spoken words. Developing a reliable ASL 

translation system can improve accessibility by 

automatically converting hand gestures into spoken 

or written words in real time. In our work, we 

implement a web-based ASL translator using a CNN-

LSTM model: the system captures webcam video via 

WebRTC, processes each gesture on a Flask backend, 

and returns the translated text along with synthesized 

speech through a text-to-speech API. This pipeline 

aims to facilitate seamless communication between 

Deaf and hearing individuals. 

 

II. LITERATURE SURVEY 

 

Sign language recognition is an active research area 

in computer vision and machine learning. Early 

approaches focused on static gesture classification, 

such as recognizing individual ASL alphabet letters 

from images. Convolutional neural networks (CNNs) 

have been widely used for this task due to their 

strength in image classification. However, ASL also 

includes dynamic gestures (words or phrases) that 

unfold over time. To handle temporal information, 

researchers have combined CNNs with recurrent 

neural networks (such as LSTM) to learn both spatial 

and temporal features from video sequences. Louison 

et al. (2024) compared CNN, 3D-CNN, and hybrid 

models on ASL datasets and found that 3D 

convolutional models achieved high accuracy 

(around 83%). Modern techniques also employ 

attention mechanisms and lightweight models. 

Kumari and Anand (2024) proposed a lightweight 

MobileNetV2 CNN with an attention-enhanced 

LSTM for isolated ASL word recognition, achieving 

about 84.7% accuracy on a 100-class dataset. These 

results indicate that sequence modeling with LSTM 

and attention is effective at capturing gesture 

dynamics. Additionally, Google’s MediaPipe 

framework has enabled real-time hand tracking. 

Ridwan et al. used MediaPipe Holistic to extract hand 

and pose landmarks from each frame and trained an 

LSTM-based model, reporting nearly 99.4% 

accuracy on a 20-word ASL recognition task. These 

studies motivate the use of pose-based preprocessing 

and deep sequence models for ASL translation. 
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III. METHODOLOGY 

 

i. Workflow Overview 

The proposed system architecture for ASL translation 

consists of four major stages: video acquisition, 

feature extraction, gesture recognition, and output 

rendering. The core functionality is deployed via a 

web-based application that ensures real-time 

interactivity and responsiveness. Each stage is 

carefully optimized for latency, accuracy, and 

scalability. 

 

ii. Input Acquisition using WebRTC 

Real-time hand gesture capture is achieved using a 

client-side webcam integrated with WebRTC for 

low-latency video streaming. The acquired frames 

are passed to the backend pipeline through 

asynchronous WebSocket communication to 

maintain continuity and performance under varying 

network conditions. 

 

iii. Feature Extraction via MediaPipe Hands 

To extract meaningful hand keypoints, the system 

uses the MediaPipe Hands library, which provides 21 

3D landmarks per hand. These landmarks are 

normalized and structured into sequential time 

windows, allowing dynamic gesture representation 

over multiple frames. 

 

iv. Gesture Classification using CNN-LSTM 

The structured data is then processed by a hybrid 

CNN-LSTM model. The convolutional layers 

capture spatial hierarchies in the hand posture, while 

the LSTM layers model temporal dependencies 

across frames. This combination effectively handles 

both static and dynamic signs, improving 

classification accuracy. 

v. Translation and Output Generation 

Once classification is complete, the identified sign is 

appended to a temporary sentence buffer. The 

accumulated sentence is rendered live in the user 

interface using React components. A text-to-speech 

(TTS) engine is also integrated to vocalize the final 

sentence, enhancing accessibility for users unfamiliar 

with ASL. 

 

vi. Web Application Deployment 

The application backend is developed in Python 

using Flask, which handles real-time requests and 

model inference. The frontend is built using HTML, 

CSS, and React.js for a clean, responsive interface. 

Communication between client and server is handled 

through WebSockets for real-time updates, and the 

system is fully compatible with both desktop and 

mobile browsers. 

 

IV. RESULTS ANALYSIS AND DISCUSSION 

 

The CNN-LSTM hybrid achieved 88.6 % overall 

accuracy on the held-out test set, with precision of 

93.8 %, recall of 94.1 %. 

These results demonstrate the model’s strong ability 

to distinguish both static and dynamic ASL gestures 

by effectively combining spatial and temporal 

features. The use of convolutional layers allowed for 

detailed spatial feature extraction from the hand 

keypoints, while the LSTM layers captured 

sequential dependencies critical for understanding 

time-based gestures. 

 

End-to-end latency from webcam capture to text 

output remained under 200 ms on a standard laptop 

with GPU acceleration. Extensive testing confirmed 

that the frame processing pipeline, aided by 

WebSockets and asynchronous data handling, 

minimized bottlenecks and reduced input lag. 

 

The live video feed, immediate gesture feedback, and 

integrated text-to-speech synthesis made the system 

intuitive even for those unfamiliar with sign 

language. Accessibility features such as dynamic 

sentence rendering and the “Finish Sentence” button 

helps to control output fluently during real-time use. 

 

Performance dipped slightly in low-light or cluttered 

backgrounds, and gestures with severe occlusion 

(e.g., overlapping fingers) occasionally produced 

lower confidence scores. These scenarios affected 

MediaPipe landmark detection, which in turn reduced 

classification accuracy. Despite this, the system 

remained functional and continued to provide 

reasonably accurate outputs. The current 

implementation supports single-user input only, 

which may limit its use in group communication 

settings. Additionally, environmental factors such as 

lighting conditions, camera quality, and the user's 

position relative to the camera played a significant 

role in the system's overall performance. These 

constraints, however, provide valuable direction for 

future iterations of the system. Improvements could 

focus on enhancing gesture recognition in 

challenging conditions, supporting multi-user input 

for collaborative settings, and refining the model to 

handle occlusions more effectively. Further 

optimizations in the training data, along with better 
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real-time tracking and more robust algorithms, could 

lead to significant improvements in accuracy and 

usability. 

 

Against baseline CNN and MediaPipe-only 

classifiers, our CNN-LSTM approach consistently 

delivered higher accuracy and temporal stability, 

confirming the benefit of sequence modeling for 

dynamic gesture recognition. Unlike static models 

that interpret gestures frame-by-frame, the sequential 

nature of LSTM allows for better contextual 

understanding, especially for compound signs. 

Additionally, by integrating WebRTC, the system 

ensures low-latency video streaming, which 

complements the model's speed and responsiveness. 

 

Discussion: The system demonstrates strong 

potential as a real-time sign language translator. It not 

only bridges communication gaps for the hearing 

impaired but also provides a scalable foundation for 

future enhancements such as multilingual support, 

extended vocabulary, and sentence-level translation. 

 

V. CONCLUSION 

 

The proposed system for American Sign Language 

translation using a CNN-LSTM model demonstrates 

a practical and efficient solution for bridging 

communication barriers between the hearing-

impaired and non-signers. By leveraging computer 

vision and deep learning techniques, the system 

accurately captures and interprets both static and 

dynamic gestures in real time. With a performance 

accuracy of over 94 %, the model proves reliable for 

gesture classification, even under moderate real-

world variations. 

 

The integration of a responsive front-end, real-time 

video capture using WebRTC, and low-latency back-

end processing ensures that users experience fluid, 

near-instantaneous translation. Additional features 

such as text-to-speech output and a dynamic 

sentence-building interface enhance usability and 

accessibility. 

 

Despite some limitations in challenging 

environments and multi-user support, the system lays 

a strong foundation for future developments. With 

further enhancements, such as improved gesture 

segmentation, support for continuous signing, and 

mobile platform deployment, this work can evolve 

into a comprehensive communication tool for 

inclusive interaction in various social, educational, 

and professional settings. 
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