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Abstract. Sign Language Recognition (SLR) is essential for facilitating com-

munication in the hearing-impaired community. However, existing SLR sys-

tems primarily focus on recognizing isolated words, lacking the ability to gen-

erate grammatically structured sentences, which is crucial for natural communi-

cation. Additionally, most research is centered around American Sign Language 

(ASL), leaving Indian Sign Language (ISL) underexplored due to its unique 

grammatical structure and gesture variations. Current deep learning-based ap-

proaches, including CNNs and LSTMs, have improved recognition accuracy 

but face challenges related to dataset limitations, real-time processing efficien-

cy, and adaptability to diverse environments. 

To address these limitations, we propose a hybrid framework that integrates 

MediaPipe for real-time gesture detection, Artificial Neural Networks (ANN) 

for gesture classification, and Large Language Models (LLMs) for sentence 

formation. This approach enhances recognition accuracy, ensures smooth sen-

tence generation, and improves computational efficiency for real-time applica-

tions. By bridging the gap between isolated word recognition and full sentence 

translation in ISL, our method significantly enhances accessibility for the hear-

ing-impaired community. Additionally, we review existing SLR techniques, 

highlight research gaps, and outline future directions for improving real-time 

sign language communication through deep learning and NLP advancements. 

Keywords:Artificial Neural Networks (ANN), Computer Vision, Deep Learn-

ing, Gesture Recognition, Indian Sign Language (ISL), MediaPipe, Natural 

Language Processing (NLP), Sentence Generation, Sign Language Recognition 

(SLR). 

1 Introduction 

Sign Language serves as a vital communication tool for the hearing-impaired com-

munity, enabling interaction through structured gestures and hand movements. With 

advancements in Artificial Intelligence (AI) and deep learning, significant progress 

has been made in Sign Language Recognition (SLR). However, most existing systems 

primarily focus on recognizing isolated words rather than generating coherent sen-

© The Author(s) 2025
J. K. Katiyar et al. (eds.), Proceedings of International Conference on Computer Science and Communication
Engineering (ICCSCE 2025), Advances in Computer Science Research 124,
https://doi.org/10.2991/978-94-6463-858-5_76

mailto:1032211277@mitwpu.edu.in
https://doi.org/10.2991/978-94-6463-858-5_76
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-858-5_76&domain=pdf


  

 

 

 

 

          903Sign Language Gesture-Based Sentence Generator – A Review   

tences, limiting their practical usability in real-world conversations. Effective sign 

language translation requires contextual understanding and the ability to construct 

grammatically accurate sentences, yet many current approaches fail to address this 

aspect. 

Several studies have explored different methodologies for sign language recognition, 

each contributing to different aspects of gesture classification but also facing key 

challenges. Wang et al. (2024) [1] developed a deep learning-based system where 

users define their own gestures for textual inputs, improving flexibility but increasing 

computational complexity. Kopüklü et al. (2024) [2] introduced a CNN-based real-

time gesture recognition model optimized for GPU acceleration but struggled in low-

light conditions and multi-hand scenarios. Bantupalli and Xie (2019) [3] used a hybrid 

approach combining HOG, SIFT, Optical Flow, and SVMs for American Sign Lan-

guage (ASL) recognition, though their model required high-quality images and was 

less effective for dynamic gestures. Li et al. (2020) [4] proposed a word-level deep 

sign language recognition system using ResNet, Bi-LSTM, and OpenPose for spatial 

and temporal feature extraction, but their model lacked sentence formation capabili-

ties. Santoshkumar et al. (2022) [5] implemented a real-time sign detection system 

using YOLO for hand tracking and CNNs for classification, achieving high-speed 

processing but struggling with predefined gesture limitations and poor lighting condi-

tions. 

Expanding upon these works, several studies have focused on improving Indian Sign 

Language (ISL) recognition and sentence formation. Varma et al. (2022) [6] and Re-

nuka & Kumar (2022) [7] explored deep learning models for ISL detection, highlight-

ing dataset limitations and structural differences from ASL. Jagadeesh (2024) [8] 

leveraged EfficientNet B0 through transfer learning to improve ISL classification 

accuracy. Chaudhari et al. (2022) [9] designed a real-time sign detection system, but 

their model required further optimization for practical usability. Sukanya et al. (2023) 

[10] employed CNNs for ISL recognition, enhancing classification accuracy while 

still facing challenges in sentence-level translation. 

Recent hybrid approaches have aimed to bridge gaps in static and dynamic sign 

recognition. Buttar et al. (2023) [11] developed a system integrating LSTM with Me-

diaPipe holistic landmarks for continuous sign recognition and YOLOv6 for static 

gesture detection, yet signer variability and environmental conditions remained issues. 

Kale & Waghmare (2021) [12] created a CNN-based ASL alphabet recognition model 

with text-to-speech conversion but struggled with dynamic gestures and lighting vari-

ations. 

Patil et al. (2020) [13] introduced a sign language translator using CNNs for video-

based gesture classification, improving accuracy but lacking support for sentence 

formation and handling variations in skin tone and background clutter. Battur et al. 

(2022) [14] proposed a CNN and RNN-based system for gesture recognition, focusing 

on converting signs into speech but facing challenges in real-time execution. Lastly, 
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Mateen et al. (2023) [15] developed a deep learning framework combining LSTMs 

and YOLO for hybrid sign recognition, achieving improved real-time performance 

but requiring further refinement for signer-independent recognition. 

A major research gap exists in ISL recognition due to linguistic differences from ASL 

and the lack of sentence formation in existing models. Real-time recognition remains 

a challenge due to computational demands and environmental variations such as light-

ing conditions, background clutter, and occlusions. Additionally, most deep learning 

models require substantial processing power, limiting their deployment on low-

resource devices. 

To bridge these gaps, we propose a hybrid deep learning framework that integrates 

MediaPipe for real-time hand tracking, Artificial Neural Networks (ANNs) for ges-

ture classification, and Large Language Models (LLMs) for sentence formation. By 

combining computer vision with natural language processing (NLP), our approach 

ensures accurate gesture recognition while generating fluent, grammatically correct 

sentences in ISL. Unlike previous studies focused on isolated word recognition, our 

system enhances real-time communication by forming structured sentences, making it 

more effective for the hearing-impaired community. 

2  Literature Review 

Sign language recognition with deep learning improves communication, but real-time 

use and dataset challenges persist. Below are the key research papers we reviewed, 

summarizing their methodologies, accuracy, and areas for improvement. 

A novel approach was introduced by Wang et al. (2024) [1], where users could define 

their own gestures for text input. By combining CNNs for recognizing shapes and 

RNNs for tracking movements, the system offered a personalized experience. Howev-

er, the need for individual training limits large-scale usability, and high computational 

requirements make real-time deployment difficult. Despite these challenges, the mod-

el achieves 92% accuracy. 

Real-time gesture recognition remains a key challenge, and Kopüklü et al. (2024) [2] 

tackled this by employing CNNs with background subtraction and image enhance-

ment. Optimized for GPU acceleration, the system efficiently processes gestures, 

making it suitable for gaming and interactive applications. However, the model is 

restricted to predefined gestures, struggles with multiple hands in a frame, and per-

forms poorly in low-light conditions. The system achieves 94.5% accuracy, highlight-

ing its strength in controlled environments but showing limitations in generalizing to 

dynamic conditions. 

Unlike deep learning-heavy models, Bantupalli and Xie (2019) [3] opted for a hybrid 

approach, integrating computer vision techniques like HOG, SIFT, and optical flow 
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with machine learning classifiers such as SVMs and RNNs. Their system effectively 

recognized both static and dynamic ASL gestures. However, high computational costs 

and the inability to generalize beyond ASL limited its practicality. The system per-

forms well within its scope, achieving 87% accuracy, but struggles with gesture varia-

tions outside its trained dataset. 

Rather than focusing on individual gestures, Li et al. (2020) [4] explored word-level 

sign language recognition. Using ResNet for spatial feature extraction, Bi-LSTM for 

motion tracking, and OpenPose for hand keypoint detection, their model demonstrated 

strong performance in identifying words. However, it struggled with full sentence 

formation and required significant processing power, limiting real-time usability. The 

model achieves 89.6% accuracy, making it effective for structured word recognition 

but challenging for free-flowing sign conversations. 

Shifting toward mobile-friendly solutions, Santoshkumar et al. (2022) [5] developed a 

real-time sign language detection system using YOLO for hand tracking and CNNs 

for classification. The model was designed for edge devices, allowing mobile-based 

sign-to-text translation. While it performed well in controlled settings, it was restrict-

ed to a predefined set of gestures and struggled with varying lighting conditions. De-

spite these trade-offs, the system maintains 91% accuracy, demonstrating promise for 

lightweight sign language recognition applications. 

Instead of limiting recognition to text output, Chaudhari et al. (2022) [6] worked on a 

system that translates sign language gestures into both text and speech. CNNs were 

used to recognize A-Z alphabet signs with high accuracy. However, the system's per-

formance dropped due to variations in background settings, hand positioning, and 

different hand sizes. The model achieves 98% accuracy in controlled environments 

but requires further validation in real-world applications. 

Taking a more traditional image-processing route, Varma et al. (2020) [7] developed 

a system using greyscale conversion, skin masking, thresholding, and Canny edge 

detection. These pre-processing steps enhanced feature extraction but made the model 

highly sensitive to lighting variations and background noise. The system achieves 

95% accuracy, but its dependency on controlled conditions limits its real-world effec-

tiveness. 

To enhance Indian Sign Language recognition, Vidhyalakshmi et al. (2024) [8] lever-

aged transfer learning with EfficientNet. By integrating fairness-aware filtering, the 

model achieved higher accuracy compared to CNNs and SVMs. However, high com-

putational costs and difficulty in tracking complex hand gestures remain limitations. 

The model reaches 96.5% accuracy, indicating the effectivenessof transfer learning 

but also highlighting the need for computational efficiency improvements. 

Focusing on real-time sign language translation, Renuka and Kumar (2022) [9] pro-

posed a CNN-LSTM model to convert Indian Sign Language gestures into English 
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text and speech. The system worked well in practical applications but waslimited to 

one-handed gestures and required a more extensive dataset for better generalization. 

Themodel achieves 93% accuracy, showing strong real-time performance but requir-

ing further dataset expansion for improved versatility. 

A more dataset-driven approach was taken by Sukanya et al. (2023) [10], who devel-

oped an ISL recognition system using CNNs. The model, trained on a custom dataset, 

utilizes TensorFlow and OpenCV for real-time sign-to-text conversion. However, due 

to dataset constraints, the model struggled with generalization across different users 

and required further validation on larger datasets. The model achieves 92.8% accura-

cy, emphasizing the importance of dataset diversity for broader applicability. 

Pawar et al. (2019) [11] proposed a real-time sign language identification system for 

both American Sign Language (ASL) and Indian Sign Language (ISL) using a CNN-

based approach. The model processes hand gesture images using grayscale conver-

sion, Gaussian filtering, and OTSU’s thresholding to enhance feature extraction. The 

system improves real-time communication by converting ISL gestures into text and 

speech, reducing the communication gap between the deaf and hearing individuals. 

However, challenges remain in handling large vocabulary datasets, recognizing dif-

ferent hand positions, and improving real-time adaptability for varied environments. 

Battur et al. (2022) [12] proposed a Sign Language Interpreter using Convolutional 

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) for translating 

hand gestures into text and speech. The system captures video input, converts it into 

frames, and applies pre-processing techniques such as grayscale conversion and noise 

reduction to enhance feature extraction. MediaPipe Holistic is used to track hand and 

facial key points, which are then fed into a neural network for classification. The final 

output is displayed as text and converted into audio using a Text-to-Speech (TTS) 

API. While the model effectively translates Indian Sign Language (ISL) into English 

text and speech, challenges include training on diverse datasets and variations in sign 

dialects. The system is designed to bridge communication gaps for individuals with 

speech and hearing impairments, with potential future improvements in dataset ex-

pansion and real-time accuracy enhancement. 

Patil et al. (2020) [13] developed a Sign Language Translator using Deep Learning, 

utilizing CNNs for real-time Indian Sign Language (ISL) recognition. The system 

processes video input extracts hand gestures using YOLO object detection and applies 

pre-processing techniques like grayscale conversion and noise reduction. The recog-

nized gestures are mapped to ISL alphabets, forming words and sentences, which are 

then converted into text and synthesized into speech using a TTS API. While the 

model enables automated sign translation, it struggles with variations in skin tone, 

facial features, and clothing. Future improvements include RNN integration for mo-

tion-based recognition and expanding the dataset for better accuracy. 
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Kale & Waghmare (2021) [14] proposed a deep learning-based ASL hand gesture 

recognition system focused on alphabet recognition. Using CNNs, the model process-

es video input and applies grayscale conversion, noise reduction, and feature extrac-

tion for improved accuracy. It follows a vision-based approach, eliminating the need 

for external sensors. The system achieves high precision in classifying static gestures 

and integrates a text-to-speech (TTS) module for audio output. However, it struggles 

with dynamic gestures, hand positioning variations, and lighting conditions. Future 

improvements include expanding datasets and integrating RNNs for sequential ges-

ture recognition. 

Buttar et al. (2023) [15] proposed a hybrid deep learning approach for recognizing 

both static and dynamic signs in American Sign Language (ASL). The model inte-

grates YOLOv6 for detecting static signs and LSTM with MediaPipe holistic land-

marks for continuous gesture recognition. This dual-model system allows for real-

time sign language translation, improving accuracy and efficiency. The vision-based 

approach eliminates the need for sensor-based gloves, making it more accessible. The 

YOLOv6 model achieves 96% accuracy in static sign classification, while the LSTM 

model attains 92% accuracy for continuous gestures. The system enhances sign lan-

guage detection but faces challenges related to signer variations, gesture speed, and 

movement continuity. Future improvements focus on fine-tuning sequential move-

ment detection and optimizing classification accuracy across different signers. 

Sign language recognition has improved with deep learning, but challenges in dataset 

generalization, adaptability, and efficiency remain. Future work should expand da-

tasets, optimize mobile models, and integrate multi-modal approaches for better ac-

cessibility. 

Table 1.Comparison 

S.No Study Methodology Strengths Limitations 

1 Hand Gesture 

Recognition for 

User-Defined 

Textual Inputs 

and Gestures 

CNNs + 

RNNs for 

user-defined 

gestures. 

Allows custom 

gestures, enhanc-

ing personaliza-

tion. 

Requires individ-

ual training,

computationally 

expensive. 

2 Real-Time 

Hand Gesture 

Detection and 

Classification 

Using CNN 

CNNs with 

real-time 

background 

subtraction. 

Fast and opti-

mized for GPU-

based real-time 

applications. 

Struggles in poor

lighting, limited

to predefined

gestures. 

3 American Sign 

Language 

Recognition 

Using ML and 

CV 

HOG + SIFT 

+ Optical 

Flow + SVM 

+ RNN for 

ASL recogni-

tion. 

Captures both 

static and dynam-

ic gestures using 

hybrid techniques. 

Computationally 

heavy, back-

ground-sensitive, 

limited to ASL. 
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4 Word-Level 

Deep Sign 

Language 

Recognition 

from Video 

ResNet + Bi-

LSTM + 

OpenPose for 

word-level 

recognition 

Strong spatial-

temporal model-

ing, useful for 

word-level recog-

nition 

Struggles with 

full sentences, 

high computa-

tional cost 

5 Real-Time Sign 

Language De-

tection 

YOLO-based 

hand tracking 

+ CNN classi-

fier 

Fast and deploya-

ble on edge de-

vices 

Limited sign 

vocabulary, per-

formance drops in 

low-light condi-

tions 

6 Sign Language 

Detection Sys-

tem 

CNN for hand 

gesture recog-

nition, speech-

to-text conver-

sion 

High accuracy 

(98% for A-Z 

letters), supports 

text-to-sign con-

version 

Requires pre-

defined dataset, 

accuracy may 

drop in real-time 

conditions 

7 Sign Language 

Detection using 

Image Pro-

cessing and 

Deep Learning 

CNN with pre-

processing 

(greyscale, 

skin masking, 

thresholding, 

Canny edge 

detection) 

Multi-step pre-

processing im-

proves accuracy, 

supports ASL 

alphabet and dig-

its 

Background noise 

and lighting vari-

ations can impact 

recognition 

8 Indian Sign 

Language 

Recognition 

using Transfer 

Learning with 

EfficientNet 

Transfer learn-

ing with Effi-

cientNet B0, 

pre-processing 

using fairness-

aware filtering 

Achieves higher 

accuracy com-

pared to CNN and 

SVM models, 

works with ISL 

Computationally 

expensive, may 

struggle with 

complex hand 

gestures 

9 Indian Sign 

Language 

Recognition 

Using Deep 

Learning Tech-

niques 

CNN-LSTM 

model for sign 

language to 

text conver-

sion 

Real-time recog-

nition, portable 

Android applica-

tion for ISL 

Limited to one-

handed gestures, 

may require fur-

ther dataset ex-

pansion 

10 Indian Sign 

Language 

Recognition 

using Convolu-

tion Neural 

Network 

CNN for hand 

gesture classi-

fication, 

trained on 

self-collected 

ISL dataset 

Uses TensorFlow 

& OpenCV, al-

lows real-time 

sign-to-text con-

version 

Dataset size may 

impact generali-

zation, requires 

further validation 

on larger datasets 

11 Real-Time 

Identification 

of American 

Sign Language 

for Deaf and 

CNN-based 

approach with 

grayscale 

conversion, 

Gaussian fil-

Enables real-time 

sign-to-text and 

speech conversion 

Struggles with 

large vocabulary 

datasets, chal-

lenges in han-

dling different 
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Dumb Com-

munity 

tering, and 

OTSU’s 

thresholding 

hand positions 

12 Sign Language 

Interpreter 

using Convolu-

tional Neural 

Network 

CNN and 

RNN-based 

model, Medi-

aPipe Holistic 

for hand and 

facial keypoint 

detection, TTS 

API for speech 

conversion 

Real-time sign 

language recogni-

tion with text and 

speech output, 

effective feature 

extraction using 

image processing 

Requires exten-

sive training data 

for better accura-

cy, struggles with 

variations in sign 

dialects and dif-

ferent lighting 

conditions 

13 Sign Language 

Translator us-

ing Deep 

Learning 

CNN-based 

model with 

YOLO for 

object detec-

tion, OpenCV 

for image 

processing, 

and TTS API 

for speech 

synthesis 

Real-time ISL 

recognition, au-

tomated sign-to-

text and speech 

conversion 

Struggles with 

variations in skin 

tone, facial fea-

tures, and cloth-

ing; requires an 

extensive dataset 

for better accura-

cy 

14 Hand Gesture 

Alphabet 

Recognition for 

American Sign 

Language using 

Deep Learning 

CNN-based 

vision ap-

proach with 

grayscale 

conversion 

and feature 

extraction 

High accuracy for 

ASL alphabet 

recognition, inte-

grates text-to-

speech conversion 

Limited to static 

gestures, strug-

gles with varia-

tions in hand 

positioning and 

lighting 

15 Deep Learning 

in Sign Lan-

guage Recogni-

tion: A Hybrid 

Approach for 

the Recognition 

of Static and 

Dynamic Signs 

Hybrid model 

using 

YOLOv6 for 

static sign 

detection and 

LSTM with 

MediaPipe for 

dynamic ges-

tures 

High accuracy in 

recognizing both 

static and contin-

uous signs, real-

time ASL transla-

tion, eliminates 

need for sensors 

Struggles with 

signer variations, 

gesture speed, 

and movement 

continuity 

3 Discussion 

The reviewed studies demonstrate significant advancements in sign language recogni-

tion using deep learning and computer vision. Various approaches, including CNNs, 
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RNNs, hybrid models, and transfer learning, have been explored to improve accuracy 

and efficiency. While some models achieve high accuracy in controlled environments, 

challenges persist in real-world implementation. The need for real-time processing, 

dataset diversity, and adaptability remains crucial for broader adoption. 

Most existing research focuses on either static gesture recognition or predefined sets 

of dynamic gestures. While CNN-based models perform well in structured settings, 

they often struggle with generalization across users, lighting conditions, and back-

ground variations. Some studies integrate RNNs and LSTMs for motion tracking, 

which improves dynamic gesture recognition but increases computational complexity. 

Traditional computer vision techniques, though computationally efficient, often lack 

robustness in varying environments. The hybrid models attempt to bridge this gap but 

still face scalability issues. 

A major limitation across studies is the lack of generalization due to dataset con-

straints. Many models are trained on small, specific datasets that do not adequately 

represent the diversity of sign language users. Additionally, real-time deployment 

challenges persist due to the high computational demands of deep learning models. 

Edge-device-friendly solutions, like those using YOLO, show promise but remain 

restricted to predefined gestures. Another challenge is multi-hand and sentence-level 

recognition, as most models focus on isolated words or single-hand gestures, limiting 

their usability for fluid, natural conversations. 

These gaps highlight the need for more efficient, adaptable, and inclusive sign lan-

guage recognition systems. If models are to be used in everyday scenarios, they must 

handle diverse lighting conditions, user variations, and multiple hand gestures. Real-

time performance is also essential for accessibility in applications like video confer-

encing and assistive technologies. The limitations of existing models suggest that 

future work should focus on lightweight architectures that balance accuracy with 

computational efficiency. 

To address these challenges, future research should emphasize larger and more di-

verse datasets that capture variations in hand shapes, gestures, and environmental 

factors. Multi-modal approaches—such as combining hand tracking, speech recogni-

tion, and context-aware AI—could improve accuracy and usability. Additionally, 

optimizing models for mobile and edge devices can enhance accessibility without 

requiring extensive computational resources. By integrating these improvements, sign 

language recognition can become more practical, scalable, and inclusive, bridging the 

communication gap for the Deaf and hard-of-hearing communities. 

4 Conclusion 

Sign Language Recognition (SLR) is essential for enabling effective communication 

for the hearing-impaired community. While deep learning and computer vision have 
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improved gesture recognition, most existing systems focus only on isolated word 

detection, lacking the ability to form coherent sentences. Additionally, research has 

predominantly centered on American Sign Language (ASL), leaving Indian Sign 

Language (ISL) underexplored. Real-time processing challenges and high computa-

tional demands further hinder practical deployment. 

To address these limitations, this paper proposes a hybrid deep learning framework 

that integrates MediaPipe for hand tracking, an Artificial Neural Network (ANN) for 

gesture classification, and a Large Language Model (LLM) for sentence formation. 

By combining computer vision with natural language processing (NLP), the system 

ensures accurate gesture recognition and grammatically structured ISL sentence gen-

eration, improving real-time communication. 

The next phase of this research focuses on the practical implementation and evalua-

tion of the proposed framework. This includes training the ANN classifier for ISL 

gestures, optimizing the LLM for sentence formation, and testing real-world perfor-

mance under various conditions. Additionally, efforts will be made to optimize the 

system for low-latency processing and edge-device deployment, balancing computa-

tional efficiency with accuracy. 

The implementation paper will present detailed experimental results, performance 

benchmarks, and comparative analysis with existing SLR models. By addressing key 

challenges and improving real-time ISL translation, this research aims to develop a 

scalable and efficient SLR system, advancing accessibility for the hearing-impaired 

community. 
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