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Abstract 

Sign language serves as a crucial communication medium for individuals with hearing and speech 

impairments. However, existing recognition systems primarily focus on isolated word detection, limiting their 

effectiveness for real-time communication. This paper presents a Continuous Sign Language Recognition 

System using a multimodal approach to seamlessly interpret sign language gestures into coherent words. The 

system leverages Mediapipe, a robust computer vision framework, to detect and track hand gestures, body 

posture, and facial landmarks in real time. By processing keypoints extracted from these modalities, the system 

enhances recognition accuracy and ensures fluid word construction. Unlike traditional methods that rely on 

gloves or additional hardware, this approach offers a cost-effective and accessible solution for real-time sign 

language translation. Experimental evaluations demonstrate the system’s ability to accurately recognize 

continuous gestures, addressing challenges such as real-time performance, word-level interpretation, and 

scalability. The proposed model significantly improves accessibility and inclusivity, bridging the 

communication gap between sign language users and non-signers. 

Keywords: Sign Language Recognition, Real-Time Gesture Detection, Continuous Sign Language, Mediapipe, 
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1. Introduction  

Sign language, a basic form of communication for the 

deaf and mute, plays a critical role in helping them 

express their thoughts and emotions. However, a 

large communication gap lies between sign language 

users and non-signers due to the unavailability of sign 

language translation systems. Existing sign language 

recognition systems primarily work on isolated word 

recognition, which restricts them from being used for 

real-time interaction. Furthermore, many existing 

systems are based on expensive hardware like sensor 

gloves and cannot be used daily for continuous 

gesture recognition. To tackle these issues, this paper 

suggests a real-time multimodal sign language 

recognition system that decodes continuous sign 

gestures into meaningful words. The system makes 

use of MediaPipe's holistic model to acquire 

keypoints from hands, face, and body posture, 

providing a complete view of the sign language 

gestures. By combining these multimodal inputs, the 

system enhances recognition accuracy and avoids 

issues associated with isolated word detection. A Bi-

LSTM network is implemented to capture both past 

and future contexts in sign gestures to improve the 

continuous sign language recognition ability of the 

system. It processes hand movements dynamically, 

allowing it to recognize gestures in real-time without 

any delay. [1-3] 

2. Problem Statement 

Sign language acts as a vital means of communication 

for people with hearing and speech issues. However, 
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most of the non-signing population does not know 

sign language, creating a communication barrier that 

hinders effective interaction. Currently, the majority 

of sign language recognition systems concentrate on 

recognizing isolated words, which does not provide a 

holistic understanding of continuous gestures and 

their meaning. This restricts the real-time 

interpretation of words and makes them impractical 

for casual communication. Moreover, many 

traditional approaches rely on specialized hardware, 

such as sensor gloves or motion capture devices, 

which are expensive and inconvenient for everyday 

use. Additionally, real-time performance, accuracy, 

and scalability remain key challenges as most models 

struggle to recognize sign language in dynamic 

environments with varying lighting conditions, 

backgrounds, and user variations.  To address these 

challenges, this research presents a real-time 

multimodal sign language recognition system that 

uses Mediapipe for tracking hand, face, and body 

pose. By integrating these modalities and using deep 

learning techniques, we aim to achieve highly 

accurate continuous gesture recognition while 

ensuring realtime performance. Our goal is to make 

sign language more accessible and inclusive to sign 

language users and non-signers. [7] 

3. Methodology 

3.1. Data Acquistion 

The system captures the sign language gesture in real-

time video using OpenCV and an ordinary webcam. 

For uninterrupted recognition, we implemented 

continuous processing of frames, which allows for 

the detection of signs in real-time without pauses. 

3.2.   Image Pre Processing and Extraction  

For video frame analysis to extract meaningful 

features, we use the MediaPipe Holistic Model which 

captures hand, face, and body pose keypoints. Each 

frame is converted into a structured numerical format 

with 1662 features to represent sign gestures 

effectively. [8] 

3.3.Advantages of Keypoint Extraction 

 Lowers Noise Level by Omitting Background 

Info.   

 It enhances the accuracy by concentrating 

only on necessary motion features.   

 Performs well in low-light conditions as it 

does not depend on raw pixel data.   

 The user is given the option to use more 

efficient computational methods. These 

reduce the processing load when compared to 

raw [4-7] 

3.4.  Feature Extraction Sequence Modeling 
The features are then extracted to the time-series 

format for sequence modeling. The model uses the 

Bi-LSTM (Bidirectional Long Short-Term Memory) 

network to learn temporal dependencies in sign 

sequences. In contrast to the standard LSTM, the Bi-

LSTM learns from the past and future frames.   

3.5. Characteristic Extraction Modeling 
After the extraction of keypoints, the structure is 

organized into time series for sequence modeling.   

The model utilizes Bi-LSTM networks for capturing 

temporal dependencies in sign sequences. BiLSTM 

will learn from both past and future frames rather 

than just from past frames as in the case of standard 

LSTM. This increases the accuracy of continuous 

gesture recognition. [9]   

3.6.Model Architecture   

 Three layers of Long Short-Term Memory 

network each with 64 → 128 → 64 units are 

used to learn sequential patterns. [10] 

 Dense layers for classification mapping the 

extracted features to the sign language labels.   

 Softmax activation for final gesture 

recognition to ensure probabilistic output.   

3.7.    Prediction and Word Construction  
The model trained makes predictions of the most 

probable sign from sequences of 30 frames for 

smooth and continuous recognition. The decision 

mechanism of threshold-based is used to reduce false 

positives and improve reliability of prediction. The 

recognized words are dynamically assembled into 

sentences that are displayed on the screen for real-

time communication. (Figure 1) [11] 

4. Result and Anaysis 

4.1.Real-Time Performance 

The system reaches a processing rate of around 30 

frames per second (FPS), making it applicable for 

realtime usage. Key-point extraction becomes more 

simplified by the integration of MediaPipe, which 

significantly diminishes computational overhead to 

make gesture recognition smooth and without lag. 
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Figure 1 Work Flow of Multi – Modal Sign 

Language Recognition 

 

4.2.Accuracy and Misclassification Analysis 

The Bidirectional LSTM model boosts recognition 

accuracy. It can capture past and future frames, 

improving sequential gesture prediction. However, 

some misclassification was observed, especially in 

signs that involve similar hand movements, 

especially when using the right hand. Ambiguous 

signs posed a challenge, affecting the reliability of 

recognition. [12] 

4.3. Impact of MediaPipe Keypoints 

MediaPipe holistic model improved system 

robustness through noise reduction in raw image data. 

This feature allows model to work in different 

lighting conditions and backgrounds and ensure 

generalizabilityacross different environments.  [13] 

4.4.  Generalization to Unseen Gestures 

The model was tested on unseen sign gestures. The 

results demonstrated strong generalization 

capabilities.However, some signs showed 

ambiguities due to minimal differences. As a result, 

there was an error in the recognition of these signs. In 

this regard, the dataset can be expanded with more 

diverse real-world sign language samples. This way 

the system could learn to adapt to more diverse signs 

and gestures. Model was tested in different conditions 

such as well-lit, low-light, and backgrounds with 

clutter. The results show that the system generally 

works well but with slight less accuracy in the 

cluttered and unfamiliar signer situations because of 

the variability of hand movement and the styles of 

sign language. The model has the accuracies of 

94.8% under the well-lit condition, 91.2% under low-

light, and 89.7% under the clutter, demonstrating the 

adaptability of the model. If tested under different 

signers, the accuracy drops to 87.5%, which means 

more training on different datasets is needed. [14] 

Conclusion 

The system proposed offers a powerful and 

streamlined real-time continuous sign language 

recognition system based on MediaPipe's Holistic 

Model for multimodal feature extraction and a 

Bidirectional LSTM (Bi-LSTM) network for 

modeling the sequence. Through the eradicating of 

the requirement for costly hardware and the 

bypassing of isolated word limitations, it provides 

unbroken and natural communication to sign 

language users. The incorporation of keypoint-based 

feature extraction promotes flexibility in various 

environmental conditions and variations in signers, 

enhancing recognition accuracy even in adverse 

environments. With its capability to handle 

continuous sign sequences with low 

misclassification, thesystem proves practical 

applicability in real-world scenarios. Moreover, its 

affordability and scalability render sign language 

translation more accessible, thereby bridging the 

communication divide between the Deaf and non-

signers, showcasing the potential of deep learning 

and multimodal methods in driving assistive 

technologies for inclusivity and accessibility. [15] 
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