
© MAY 2025 | IRE Journals | Volume 8 Issue 11 | ISSN: 2456-8880 

IRE 1708310          ICONIC RESEARCH AND ENGINEERING JOURNALS 1398 

Real-Time Sign Language Recognition System using 
MediaPipe and Deep Learning 

 

SOTTAM AICH1, ASHISH MISHRA2, ADITYA SHARMA3, DR. P RAJASEKAR4 
1, 2, 3, 4Department of Data Science and Business Systems SRMIST, Chennai, India 

 

Abstract- This project proposes a Real-Time Sign 

Language Translator that has been designed to 

provide meaningful communication between 

hearing-impaired community and the general public. 

Based on the techniques of real-time computer vision 

and deep learning, the system interprets hand 

gestures recorded using webcam and outputs them as 

related alphabets or words. The system utilizes 

MediaPipe for optimized hand landmark detection 

and TensorFlow for model training and 

classification. A custom image dataset was created 

and processed for training a convolutional neural 

network, with optimal performance under changing 

lighting and environmental conditions. At training, 

the model attained 100with low loss when tested. The 

graphical user interface provides real-time visual 

feedback through superimposition of the predicted 

output onto the live camera view. Designed to be 

lightweight and useable, the solution has future 

applications in inclusive communication 

environments such as classrooms, clinics, and 

customer service. The system not only addresses 

existing restricts sign language recognition but 

provides a foundation for future research in 

continuous gesture recognition and multi-language 

support. 

 

Index Terms—Sign Language Recognition, Deep 

Learning, MediaPipe, TensorFlow, Real-Time 

Gesture Detection, Human- Computer Interaction 

 

I. INTRODUCTION 

 

Clear communication is the essential backbone of 

human interaction. However, millions of individuals 

who are hearing or speech-impaired face substantial 

challenges in daily life due to language differences. 

Sign language is a crucial mode of expression for the 

deaf and hard-of-hearing communities, but its limited 

understanding among the general population prevents 

full social integration. Breaking down this 

communication barrier requires innovative solutions 

that can translate sign gestures into speech or text in 

real-time. 

 

With rapid advancements in computer vision and 

artificial intelligence, automatic sign language 

recognition systems have emerged as a promising field 

of research. These systems aim to interpret hand 

gestures using camera-based input and intelligent 

algorithms, enabling interaction without the need for 

interpreters or wearable technologies. While many 

solutions have been proposed, common limitations 

still persist, such as high computational requirements, 

vulnerability to background variation, and unreliable 

performance in real-world scenarios. 

 

This paper presents a real-time sign language 

translator that utilizes a standard webcam to capture 

hand movements and classify them into American 

Sign Language (ASL) alphabets. The system is 

implemented using MediaPipe for accurate hand 

landmark detection and TensorFlow for deep learning-

based gesture classification. By eliminating the need 

for external sensors or visual markers, the system 

ensures user-friendliness and cost-efficiency. 

 

A custom dataset was assembled with images of hand 

gestures under different lighting and background 

conditions to train the model effectively. A 

convolutional neural network (CNN) was designed 

and fine-tuned to achieve high classification accuracy. 

The model achieved a validation accuracy of 100% 

after 14 epochs, confirming its capability in 

recognizing static ASL gestures. A simple and 

interactive user interface provides real-time feedback 

by overlaying the predicted char- acter directly on the 

live video feed. 

 

The primary objectives of this work are as follows: 
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• To design an accurate, real-time gesture 

recognition system using commonly available 

hardware. 

• To integrate a robust classification model that 

remains reliable under varying environmental 

conditions. 

• To develop an intuitive interface that facilitates 

seamless communication for deaf users. 

 

The proposed system can be utilized in educational 

institutions, healthcare environments, and public 

service centers to promote inclusive interaction. 

Additionally, it lays the foundation for future 

developments such as dynamic gesture recognition 

and full-word or sentence-level translation 

capabilities. 

  

II. RELATED WORK 

 

Sign language recognition has received growing 

attention as a way of developing more inclusive 

communication technologies. Early work in this area 

was mostly based on hardware- intensive solutions, 

including sensor-mounted gloves and motion trackers, 

to track hand motion and orientation [1]. Though these 

methods were accurate for tracking, their requirement 

for special hardware made them not scalable and 

unsuitable for real-life situations. 

 

Advancements in computer vision algorithms led re- 

searchers toward vision-based systems. These 

solutions lever- age cameras to capture hand 

movements and machine learning models to 

categorize gestures without the need for wearable 

devices. Ojha and Singh [2] discussed several such 

techniques and their applicability in achieving low-

cost, contactless inter- action. New CNN-based 

models have demonstrated promising performance in 

static hand gesture recognition with high accuracy [3]. 

Google’s MediaPipe platform has emerged as a robust 

real-time hand landmark detection framework. 

Research by Zhang et al. [4] highlighted its ability to 

reduce computational overhead without 

compromising accuracy. Its ease of integration has led 

to its widespread use in gesture recognition 

applications. 

 

Hybrid approaches that combine MediaPipe with deep 

learning models have been introduced to enhance 

robustness and recognition accuracy. Patel et al. [5] 

proposed a model that utilized MediaPipe for feature 

extraction and a neural network for classification, 

achieving high accuracy in controlled environments. 

However, challenges such as lighting variability, 

occlusion, and dynamic gesture handling persisted. 

 

Rahim et al. [6] explored deep learning approaches for 

continuous sign language recognition. Their system 

segmented gesture sequences frame-by-frame but 

suffered from scalability limitations and introduced 

delays in real-time translation. While notable progress 

has been made in static gesture recognition, most 

existing systems lack real-time optimization and 

adaptability across diverse environmental conditions. 

The current work aims to address these issues using a 

lightweight architecture built with MediaPipe and 

TensorFlow. The system is capable of operating with 

a basic webcam, without requiring external sensors, 

making it a practical and scalable solution for real-

time recognition of ASL alphabets. 

 

III. PROPOSED   SYSTEM   ARCHITECTURE 

 

The proposed Real-Time Sign Language Translator 

architecture is intended to facilitate smooth and 

effective recognition of American Sign Language 

(ASL) alphabets using readily available hardware and 

modern machine learning techniques. The system 

combines computer vision for gesture detection with 

deep learning for classification, organized into 

modular components that operate seamlessly in real 

time. 

 

A. Data Acquisition 

The system begins by capturing real-time video using 

a standard webcam. Each frame is treated as a static 

image and passed through the pipeline. No specialized 

equipment such as gloves or motion-tracking sensors 

is required, ensuring the solution remains affordable 

and easy to deploy across diverse platforms. 

 

B. Hand Detection and Landmark Extraction 

For gesture detection, the system utilizes the 

MediaPipe Hands solution, which identifies 21 3D 

landmarks for each detected hand. This lightweight yet 

powerful framework enables effective tracking even 
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under challenging lighting conditions or cluttered 

backgrounds. 

 

C. Data Preprocessing 

Before feeding the hand landmark coordinates into the 

classification model, preprocessing steps are applied. 

These include normalization to reduce dependency on 

hand size, distance from the camera, and position in 

the frame. The structured and preprocessed data is then 

formatted to be compatible with TensorFlow-based 

neural network models. 

 

D. Model Training and Classification 

The classification module is built using TensorFlow 

and is based on a Convolutional Neural Network 

(CNN) architecture. The model was trained on a self-

recorded dataset comprising labeled hand gestures 

representing ASL alphabets. Training was conducted 

across multiple epochs with data augmentation 

techniques to improve generalization and robustness 

against environmental variations. 

 

E. Real-Time Prediction 

In the prediction phase, real-time landmark data from 

MediaPipe is passed into the trained CNN model, 

which continuously outputs the most probable class 

label representing an ASL alphabet. These predictions 

are dynamically updated frame by frame, enabling 

fluid and responsive recognition. 

 

F. Output Interface 

The predicted alphabet is superimposed on the live 

video stream via a user-friendly interface. This real-

time feedback mechanism enhances interactivity and 

provides an intuitive user experience. The interface 

can be expanded in future iterations to include features 

such as text-to-speech conversion and sentence-level 

communication. 

 

G. System Flow Diagram 

Figure 1 illustrates the overall system architecture, 

from video capture to classification and display. This 

modular, hardware-agnostic design ensures high 

portability and scalability. By balancing accuracy and 

computational efficiency through the use of 

MediaPipe and TensorFlow, the system is well-suited 

for deployment in practical environments such as 

educational institutions, customer service 

applications, and assistive communication tools for the 

hearing-impaired. 

  

 
Fig. 1: System architecture diagram showing flow 

from web- cam input to ASL letter prediction. 

 

III. METHODOLOGY 

 

The approach taken in this project is organized around 

the development of a lightweight yet accurate sign 

language recognition pipeline, capable of translating 

American Sign Language (ASL) alphabets in real-time 

using only a standard webcam. The system follows a 

series of well-defined stages: data acquisition, 

preprocessing, model training, and real-time 

prediction. Each phase is carefully structured to ensure 

maxi- mum accuracy, minimal latency, and broad 

compatibility with typical computing hardware. 

 

A. Dataset Creation 

To develop a robust and stable model, a custom dataset 

of static ASL hand gestures was created. Data was 

manually collected using a webcam under a variety of 

lighting conditions and background settings to closely 

reflect real- world environments. Each captured image 

corresponds to a unique ASL alphabet gesture. The 

dataset was labeled and organized into directories 

based on class labels, and then split into training and 

validation sets to facilitate effective model training 

and evaluation. 

 

B. Landmark Detection Using MediaPipe 

Following video frame acquisition, the MediaPipe 

Hands solution is employed to detect and track hand 

regions. For each frame, MediaPipe extracts 21 three-

dimensional landmarks per hand. This markerless 

approach removes the need for external sensors or 

wearables, thus improving user convenience and 
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reducing implementation costs. The model operates 

efficiently, accurately recognizing a wide variety of 

hand positions and even managing partial occlusions 

effectively. 

 

C. Data Preprocessing 

The extracted landmark data is normalized to achieve 

in- variance to changes in hand size, position, and 

orientation. Normalization is typically performed 

relative to a reference point, such as the wrist. This 

step is crucial for ensuring consistent model 

performance across different users. The processed 

landmarks are then flattened into structured feature 

vectors, reshaped into input arrays suitable for 

TensorFlow-based deep learning models. 

 

D. Model Design and Training 

The classification model was built using a 

Convolutional Neural Network (CNN) architecture in 

TensorFlow. It accepts normalized landmark vectors 

as input and outputs the predicted ASL alphabet. To 

improve model generalization and prevent overfitting, 

data augmentation techniques such as random rotation 

and simulated background noise were employed 

during training. The model was trained for several 

epochs with continuous monitoring of validation loss 

and accuracy. After 14 epochs, the model achieved a 

validation accuracy of 100%, indicating excellent 

performance on unseen samples. 

 

E. Real-Time Inference Pipeline 

During real-time execution, the webcam feed is 

continuously processed. MediaPipe detects hand 

landmarks on-the- fly, which are then preprocessed 

and fed into the trained CNN for gesture classification. 

The predicted character is rendered directly onto the 

live video stream, enabling immediate visual 

feedback. This real-time inference design ensures 

smooth, low- latency performance suitable for natural 

human interaction. 

 

F. Implementation Tools and Frameworks 

The complete system is implemented in Python, 

utilizing several open-source libraries. OpenCV is 

used for video capture and rendering, MediaPipe 

handles landmark detection, NumPy is used for 

numerical processing, and TensorFlow powers the 

deep learning components. These tools were in- 

tegrated into a unified and modular pipeline to 

streamline development, testing, and deployment 

across multiple platforms. 

 

IV. RESULTS 

 

The performance of the suggested real-time sign 

language translator was evaluated in terms of 

classification accuracy, robustness, and model 

stability under various real-world con- ditions. The 

system was tested on a webcam feed from an indoor 

environment movements with different lighting, hand 

placement, and background complexities. 

 

A. Model Training and Accuracy 

The initial training phase was achieved by passing a 

hand- gesture dataset of static hand gestures of ASL to 

a CNN model created using TensorFlow. It was 

trained for 14 epochs with a validation accuracy of 

100%. During this phase, significant metrics such as 

training loss and validation loss were mon- itored to 

monitor convergence and avoid overfitting. For the 

purpose of reinforcing robustness, the pre-trained 

model was fine-tuned with further augmented data, 

including samples of various brightness and rotations. 

This tuning enhanced the stability of the model under 

dynamic lighting and user-specific fluctuations. 

 

To enhance robustness, fine-tuning was performed on 

the pre-trained model using additional augmented 

data, including samples with varied brightness and 

rotations. This refinement improved the model’s 

stability across dynamic lighting and user-specific 

variations. 

 

B. Real-Time Performance 

The completed model was implemented into a real-

time inference pipeline combined with OpenCV and 

MediaPipe. The average latency per frame, including 

prediction and preprocessing, was found to be less 

than 100 milliseconds, providing for smooth user 

experience and real-time feedback. 

 

C. Output Interface 

The system places the predicted ASL letter right on top 

of the webcam feed. This gives instantaneous visual 

feedback to the user, intuitive and responsive 

communication. Figure 2 shows a sample live output 

frame recorded during testing. 
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Fig. 2: Real-time output interface showing predicted 

ASL character overlaid on live video feed. 

 

D. Training and Fine-Tuning Summary 

Figure 3 displays the training and fine-tuning 

summary metrics, such as validation accuracy and loss 

values. These results show the ability of the model to 

integrate at a high rate and maintain performance 

quality in various data states. 

 

Performance findings validate the potential of this 

model to accurately and efficiently translate ASL 

alphabets in real-time without the need for special 

hardware or sensors. 

 

CONCLUSION 

 

This paper presents an efficient and inexpensive real-

time sign language translation system that can be used 

to detect the American Sign Language (ASL) 

alphabets with off-the-shelf hardware and open-source 

code. With the use of MediaPipe for localizing the 

landmarks on the hands and TensorFlow for gesture 

recognition, the system has the capability for real-time 

functionality with high precision. The approach em- 

ployed—from time-consuming dataset construction 

and land- mark pre-processing to CNN-based 

classification—is robust in resisting variable lighting 

and diverse backgrounds. 

  

 
Fig. 3: Training and Fine-Tuning Results Summary 

 

The model achieved a 100% validation accuracy while 

training, indicating its generalizability and stability to 

different user inputs. The interface was designed as 

real-time as possible as well as as simple as possible, 

and this rendered the system intuitive and easy to use 

for real-world applications. Because the solution does 

not require specialized hardware, it is promising to be 

applied in educational environments, public service 

environments, and hearing or speech-aid devices for 

hearing or speech-impaired individuals. 

 

While the current implementation is directed towards 

static ASL alphabets, future work will include 

dynamic gesture recognition and translation of an 

entire sentence. Also, text- to-speech integration can 

make it even more accessible. The modularity and 

flexibility also allow for easy adaptation and scaling, 
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so it can act as a bridge to more accessible and 

inclusive systems of communication. 
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