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Abstract: Barriers in expressive and receptive communication 

for individuals with hearing and speech impairments remain a 

significant challenge to achieving equitable social interaction and 

digital accessibility. These limitations restrict their participation in 

everyday conversations, education, and professional 

environments, emphasizing the urgent need for intelligent 

assistive communication technologies. This research introduces 

an AI-driven real-time Indian Sign Language (ISL) recognition 

framework that integrates advanced computer vision and deep 

learning techniques to translate hand gestures into textual 

outputs. The primary objective of this study is to design a 

lightweight, accurate, and real-time sign language translator 

suitable for Divyangjan, ensuring inclusivity in educational and 

social interactions. The proposed research employs 

Mediapipe-based hand landmark extraction to detect 21 key points 

in each gesture frame, followed by preprocessing and 

normalisation to create robust spatial representations. A hybrid 

Convolutional Neural Network processes these landmark vectors 

through a Bidirectional Long Short-Term Memory 

(CNN–BiLSTM) model that captures both spatial and temporal 

dependencies in gesture motion, allowing it to recognise static and 

dynamic gestures such as “J” and “Z.” The system was trained on 

a self-collected dataset of over 26,000 gesture images covering all 

26 ISL alphabets. Experimental analysis demonstrates that the 

proposed model achieved 97.8% accuracy, 97.4% precision, 97.2% 

recall, 97.3% F1-score, and a validation loss of only 0.08, 

outperforming traditional classifiers such as Random Forest and 

SVM by a significant margin. The trained model performs 

robustly under varying lighting, background, and hand 

orientation conditions, ensuring high reliability for real-world 

deployment. The novelty of this study lies in the fusion of 

Mediapipe landmark extraction with a temporal deep learning 

framework for continuous ISL gesture translation within an 

interactive CustomTkinter GUI. This human-centric, 

computationally efficient design enables accessible, real-time 

communication for the deaf and hard-of-hearing community, 

contributing to socially assistive AI systems that promote digital 

inclusivity and empowerment for Divyangjan. 
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I. INTRODUCTION

In an increasingly digital and interconnected world,

communication remains a fundamental bridge that enables 

inclusion, education, and social participation. However, this 

bridge often remains incomplete for individuals with hearing 

and speech impairments, collectively recognized as 

Divyangjan, creating barriers to equal access in education, 

employment, and daily interactions. Sign language is their 

primary mode of expression, yet its understanding among the 

general population is limited. This disparity underscores the 

pressing need for intelligent, accessible technologies to 

translate sign language into textual or spoken forms, 

facilitating seamless communication between hearing and 

non-hearing individuals [1]. 

Recent advancements in artificial intelligence (AI) and 

computer vision have transformed the landscape of assistive 

communication tools. AI-based sign language recognition 

(SLR) systems use machine learning models to identify hand 

gestures, shapes, and movements captured by cameras and 

translate them into corresponding text or speech in real time 

[2]. These systems empower the Divyangjan community and 

contribute to inclusive digital ecosystems envisioned under 

global sustainable development frameworks, particularly 

SDG-10 (Reduced Inequalities) and SDG-4 (Quality 

Education). Traditional methods relying on glove-based 

sensors and static image matching have shown limitations in 

handling natural, dynamic gestures, prompting researchers to 

adopt deep learning frameworks capable of understanding 

complex spatial and temporal dependencies in hand 

movements [3]. 

Integrating Convolutional Neural Networks (CNNs) and 

Bidirectional Long Short-Term Memory (BiLSTM) models 

has emerged as a promising direction for accurate gesture 

classification. CNNs extract spatial hierarchies such as finger 

positions and palm orientation, while BiLSTM layers capture 

motion continuity across gesture sequences [4]. This dual 

capability enables robust recognition of dynamic gestures 

like "J" and "Z" that involve temporal motion, which earlier 

systems often misclassified. Furthermore, real-time 

gesture-detection frameworks  

based on Mediapipe and 

OpenCV provide reliable 

landmark extraction, 
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significantly improving performance across varying lighting 

and background conditions [5]. 

Although many studies have explored sign language 

recognition, most focus on American or Arabic sign 

languages. At the same time, Indian Sign Language (ISL) 

remains comparatively underrepresented despite India's large 

hearing-impaired population. Given ISL's linguistic and 

regional variations, developing an adaptable, lightweight 

recognition framework is critical. Addressing this gap, the 

proposed study introduces an AI-driven ISL recognition 

model that employs Mediapipe-based hand landmark 

extraction, combined with a hybrid CNN–BiLSTM network, 

to translate gestures into text via a responsive CustomTkinter 

graphical interface [6]. This end-to-end framework captures 

real-time gestures from a standard webcam, processes 21 key 

hand landmarks per frame, normalizes the features, and 

predicts alphabetic or functional gestures with high precision. 

The relevance of this research lies not only in its 

technological novelty but also in its social impact. A 

low-cost, real-time, and highly accurate translation 

mechanism eliminates the need for specialised equipment or 

interpreters, making digital communication more accessible 

to Divyangjan users [7].  

The approach aligns with India's Accessible Bharat 

initiative, promoting equitable participation through assistive 

AI systems. An experimental evaluation on a self-curated 

dataset comprising 26,000 gesture images demonstrates 

exceptional performance and surpasses that of conventional 

machine learning classifiers [8]. 

Moreover, this study contributes to human-computer 

interaction research by integrating context-aware AI into 

accessibility applications. The hybrid model enhances 

recognition reliability by learning subtle inter-finger 

dependencies and motion variations, which are often 

overlooked in static frame-based methods [9]. Unlike earlier 

works that focused solely on classification accuracy, the 

proposed system emphasises real-world usability, ensuring 

smooth performance on consumer-grade hardware. This 

design principle is particularly valuable for educational 

institutions, rehabilitation centres, and public service 

platforms that support deaf individuals. 

The proposed deep learning framework is a technological 

enabler bridging the communication divide between hearing 

and non-hearing communities. Its deployment in mobile or 

desktop environments can democratize access to inclusive 

communication, aligning innovation with compassion. Thus, 

the proposed model is a significant step toward realising AI 

for social good, empowering the Divyangjan sector through 

intelligent, affordable, and human-centric solutions [10]. 

II. LITERATURE REVIEW 

The growing advancements in artificial intelligence and 

deep learning have significantly influenced the development 

of assistive technologies for the hearing-impaired 

community. Sign language recognition (SLR) systems are 

increasingly designed using data-driven frameworks that 

capture the spatial and temporal attributes of hand gestures, 

finger orientations, and motion trajectories. The literature 

survey reflects a significant shift from handcrafted feature 

extraction methods toward deep learning models that learn 

representations directly from visual data. This section 

reviews recent studies on SLR technologies, analyzing their 

methodologies, architectures, limitations, and how these 

drawbacks form the foundation for the proposed hybrid 

CNN–BiLSTM framework.  

A. Deep Learning Architectures for Sign Language 

Recognition 

Researchers have recently explored multiple architectures 

to enhance gesture classification accuracy and model 

generalization. A notable study introduced an attention-based 

inception and BiLSTM architecture to classify Arabic Sign 

Language (ARSL) using real-time video sequences [11]. The 

system demonstrated superior temporal understanding and 

spatial context by combining convolutional layers and 

recurrent units. However, it had high computational 

requirements during training, limiting its suitability for 

low-end hardware commonly used in assistive applications. 

A follow-up study proposed a hybrid CNN–LSTM model 

for continuous ARSL recognition, achieving greater stability 

than on isolated gesture datasets [12]. While it addressed 

motion continuity, it relied heavily on large, annotated 

datasets, which are scarce for regional sign languages like 

ISL. The lack of diversity in training data reduced 

adaptability to multiple skin tones and hand orientations. 

Similarly, another experiment using multi-view 

hand-skeleton models captured with RGB cameras improved 

depth perception but failed to maintain consistency under 

changing lighting conditions [13]. 

An investigation is conducted using a skeleton-aware 

multimodal network that combines pose estimation and 

optical flow features to interpret dynamic hand sequences 

[14]. Despite its ability to model body kinematics, it 

struggled with finger-level recognition precision. The 

high-dimensional data required substantial GPU memory, 

making real-time processing challenging. In contrast, 

word-level recognition models explored by several 

researchers have introduced deep CNN frameworks that use 

video inputs to identify entire sign words rather than 

individual letters [15]. These models required extensive 

temporal data, often unavailable for isolated sign alphabets. 

B. Review of Hybrid and Attention-Based Models 

Integrating attention mechanisms in hybrid networks 

improved focus on relevant spatiotemporal regions, 

enhancing classification performance. Reviews from 2023 

identified the rise of transformer-based and attention-guided 

CNN models for continuous sign interpretation [16]. 

However, these transformer variants required large-scale 

training corpora and powerful GPUs, limiting deployment on 

resource-constrained platforms. Although attention layers 

increased interpretability, they also introduced overfitting 

risks in smaller datasets such as ISL, where gesture diversity 

is limited. 

A comprehensive analysis of the evolution of deep SLR 

frameworks emphasized the potential of hybrid CNN–RNN 

models and outlined their challenges in learning non-linear 

hand trajectories and maintaining temporal coherence across 

frames [17]. The review suggested 

integrating graph-based 

learning or sequential 

modelling to improve 

temporal modelling. Despite 
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these advancements, real-time systems still faced latency 

issues due to complex feature-extraction pipelines. 

A detailed study of a hybrid DNN for recognising Indian 

Sign Language gestures related to medical emergencies were 

conducted [18]. The system employed a convolutional 

feature extractor and a multilayer perceptron classifier, 

achieving acceptable accuracy under controlled laboratory 

conditions. However, the model lacked resilience to 

environmental variations, particularly in uncontrolled 

lighting or background clutter. This limitation highlighted the 

need for lightweight models that balance performance and 

computational efficiency. 

Another line of research investigated self-supervised and 

transformer-based pretraining techniques for SLR. One study 

introduced a hand-model-aware self-supervised learning 

system to enhance spatial feature encoding through 

unlabelled data [19]. Though promising, such pretraining 

approaches required extensive computational resources, 

limiting their adoption in low-power embedded systems  

or assistive devices.  

A complementary effort proposed a video transformer 

model that processed temporal relationships without 

recurrent structures [20]. It achieved competitive results in 

benchmark datasets but showed slower inference in real-time 

streaming, an essential requirement for interactive 

communication tools. 

C. Sensor-Based and Vision-Based Systems 

Beyond deep learning, traditional sensor-based recognition 

techniques employed gloves or wearable sensors to capture 

finger flexion and orientation data. Although early 

glove-based systems demonstrated high precision, their 

dependence on physical hardware restricted usability and 

convenience for Divyangjan individuals. In contrast, 

vision-based approaches using standard cameras and 

frameworks such as MediaPipe provided contactless 

solutions with lower maintenance requirements. A 

comprehensive 2021 review analysed both types of systems 

and concluded that deep learning-based vision systems offer 

greater scalability and accessibility [21]. 

Recent innovations in keypoint tracking and pose 

estimation have further transformed gesture interpretation. 

For instance, a 2025 study used Media-Pipe keypoint 

tracking integrated with deep CNN layers for American Sign 

Language (ASL) recognition, achieving near-human 

accuracy [22].  

However, even with improved precision, the approach 

demanded high-quality camera input and often struggled with 

occlusions or partial hand visibility. The reliance on 

extensive pre-processing also affected response speed, 

hindering real-time translation. 

Similarly, an RF-based deep CNN–BiLSTM model 

analyzed electromagnetic signals corresponding to hand 

gestures, offering improved noise resistance [23]. Yet, the 

requirement of specialized hardware limited its adaptability 

for widespread deployment. On the other hand, 

sensor-independent models utilizing RGB images remained 

the most viable for scalable implementation, especially in 

low-resource educational or domestic settings.  

D. Real-Time Sign Recognition and Data Imbalance 

Issues 

A critical challenge in SLR research is achieving real-time 

responsiveness while maintaining model stability across 

diverse users. The emergence of deep CNN architectures 

allowed for efficient spatial encoding, but computational 

latency persisted. Recent models employed multimodal 

fusion, combining RGB data with skeletal landmarks, yet 

synchronization between modalities often resulted in 

misalignment errors [24]. Data imbalance further 

compounded these issues since some gestures naturally occur 

more frequently than others. This imbalance led to biased 

learning, thereby reducing the model's overall fairness. 

A meticulous study was conducted in 2025, using 

transformer-based architectures to enhance recognition 

accuracy by employing self-attention mechanisms for feature 

prioritisation [25]. While achieving high precision, the model 

required powerful GPUs and large-scale parallelization. Such 

requirements become impractical for real-world Divyangjan 

support systems, as accessibility solutions require 

cost-effective, portable configurations. 

Earlier works on CNN-based systems yielded promising 

results but lacked adaptability to the Indian context, where 

hand gestures vary by region. Many models were trained 

primarily on ASL datasets, creating semantic and structural 

gaps when applied to ISL. This limitation emphasizes the 

need for self-collected datasets that reflect the diversity of 

Indian linguistic and cultural contexts. 

E. Review on Object Detection Models 

Recent developments in deep learning have significantly 

advanced object detection frameworks that combine spatial 

localization with semantic understanding. Studies have 

demonstrated that integrating convolutional feature 

extraction with modern detection algorithms such as YOLO 

and Faster R-CNN achieves superior precision in real-time 

environments [26]. A 3D CNN-based model for medical 

imaging tasks showcased how volumetric convolutional 

layers enhance sensitivity and region-level feature mapping, 

contributing to improved detection accuracy across varying 

spatial scales [27].  

Similarly, optimised architectures such as YOLOv8 and 

lightweight CNN backbones have redefined efficiency by 

reducing inference latency without compromising detection 

reliability, making them suitable for embedded and 

soft-computing environments [28]. These frameworks 

employ multi-scale feature pyramids and adaptive anchor 

box selection, enabling accurate recognition of small and 

overlapping objects. However, despite their performance 

strength, most models depend heavily on large datasets and 

high-end GPUs, limiting their applicability for real-time 

accessibility tools or resource-constrained platforms. Recent 

studies have extended biometric research using deep 

learning. One approach applied tongue biometrics for secure 

authentication in healthcare IoT environments [29], while 

another combined gait and face recognition for enhanced 

multimodal authentication on mobile platforms [30], 

demonstrating deep models’ 

adaptability for identity 

verification and cross-domain 

security integration. 
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The insights from these object detection studies directly 

influenced the current research’s gesture identification phase, 

in which CNN layers perform precise spatial extraction 

similar to that of object detectors. This conceptual alignment  

ensures accurate localization of hand regions in sign 

language recognition while maintaining computational 

efficiency appropriate for assistive technologies designed for 

Divyangjan communication. 

F. Research Gaps Identified 

i. Dependency on Large Datasets: Many deep learning 

systems rely on extensive annotated datasets that are 

unavailable for ISL. Pre-trained models for foreign 

sign languages struggle with regional variation and 

the semantics of gestures. 

ii. High Computational Requirements: 

Transformer-based and deep hybrid architectures 

require substantial GPU memory and power, making 

them unsuitable for affordable assistive devices. 

iii. Environmental Sensitivity: Vision-based models often 

degrade under changing illumination, occlusions, and 

background clutter, limiting performance in 

uncontrolled environments. 

iv. Latency and Real-Time Inefficiency: Sequential deep 

models, while accurate, often fail to maintain 

real-time inference speed, affecting interactivity for 

live communication. 

v. Generalization Challenges: Overfitting to specific 

signers or camera setups reduces adaptability, 

particularly in systems trained with limited user 

diversity. 

vi. Lack of Accessibility Integration: Many models stop 

at classification outputs, failing to consider 

human-computer interaction or graphical interfaces 

for end users. 

These drawbacks collectively highlight the gap between 

laboratory performance and real-world applicability, 

especially for Divyangjan populations who need lightweight, 

responsive, and inclusive systems.  

 

[Fig.1: Research Gap & Proposed Solution] 

G. Relevance of the Proposed CNN–BiLSTM 

Framework 

 The current research addresses these limitations through a 

hybrid CNN–BiLSTM framework that combines spatial and 

temporal processing within a single lightweight architecture. 

By utilizing Mediapipe-based landmark extraction, the 

system replaces raw image processing with compact 

coordinate-based feature vectors, dramatically reducing 

computational complexity. The CNN component captures 

geometric relationships between fingers, while the BiLSTM 

module models sequential dependencies in motion-based 

gestures. This fusion ensures both speed and accuracy 

without the burden of extensive pretraining or specialized 

hardware. 

Unlike transformer-based systems, the proposed 

architecture is optimized for real-time responsiveness on 

mid-level CPUs and GPUs. It maintains low inference 

latency, enabling live translation via a CustomTkinter GUI 

that directly interacts with users for continuous feedback. The 

system’s reliance on a self-collected, diverse dataset ensures 

adaptability to variations in Indian Sign Language and 

addresses cultural and regional inclusivity. 

The review of contemporary SLR systems reveals that 

while deep learning has revolutionized gesture recognition, 

real-world accessibility and affordability remain unsolved 

challenges. Existing state-of-the-art models, including 

attention-based transformers, CNN–RNN hybrids, and 

sensor-assisted systems, deliver strong accuracy but falter in 

cost, speed, and adaptability. Their reliance on massive 

datasets, specialized equipment, and high-end computational 

infrastructure restricts deployment for Divyangjan users who 

require simple yet effective solutions. Fig.1 shows the 

research gap & proposed work solution. 

The proposed CNN–BiLSTM architecture overcomes these 

barriers by offering a balanced approach between accuracy 

and computational efficiency. Its Mediapipe-driven 

pre-processing minimizes environmental sensitivity, while 

BiLSTM layers capture temporal motion with precision. The 

integration of this model within an interactive GUI 

framework further enhances usability, enabling seamless 

gesture-to-text communication. By bridging technological 

sophistication with social inclusivity, the framework offers a 

practical, scalable, and sustainable alternative to 

state-of-the-art systems, empowering the Divyangjan sector 

through intelligent, human-centred innovation. 

III. PROPOSED METHODOLOGY 

The proposed methodology focuses on developing an 

intelligent, lightweight, and real-time Indian Sign Language 

(ISL) recognition framework to assist the Divyangjan 

community in effective communication. The workflow 

integrates advanced deep learning and computer vision 

techniques to capture, analyse, and interpret dynamic hand 

gestures into textual outputs. The process begins with data 

acquisition, during which ISL gesture samples are collected 

using a webcam under controlled lighting conditions. Each 

gesture, corresponding to the alphabet A–Z, is captured as an 

image sequence to ensure dataset diversity across hand 

orientations and backgrounds.  Fig.2 shows the proposed 

workflow of the CNN-BiLSTM ISM model. 

Next, in the preprocessing stage, the captured frames are 

processed using Mediapipe Hand Tracking, which extracts 

21 keypoint coordinates for each gesture. These landmarks 

are normalised and formatted into structured feature vectors, 

effectively reducing noise and computational overhead while 

retaining geometric relationships. The feature extraction and 

recognition stage is handled by a hybrid Convolutional 

Neural Network–Bidirectional Long Short-Term Memory 

(CNN–BiLSTM) model. The CNN layers extract spatial 

hierarchies, such as finger curvature   

and palm configuration. In 

contrast, BiLSTM layers 

capture sequential 

dependencies in motion 
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gestures such as “J” and “Z.” Finally, the system integrates 

with a CustomTkinter-based GUI, enabling real-time 

recognition via OpenCV. Detected gestures are instantly 

translated into text and displayed on-screen, ensuring 

accessibility and ease of use.  

 

[Fig.2: Proposed Work Flow] 

This unified pipeline ensures accuracy, adaptability, and 

responsiveness, making the system practical for everyday use 

in educational and assistive domains for deaf individuals. 

A. Dataset and Description 

The dataset for this research was curated exclusively to 

represent the full range of Indian Sign Language (ISL) 

alphabets and a few essential functional gestures for sentence 

construction (Samples Collected from Speech and 

Hearing-Impaired Institutes). Data collection was conducted 

using a high-definition webcam under controlled 

illumination to ensure clarity and uniformity. Each gesture, 

corresponding to the alphabet A–Z, was recorded from 

multiple angles and with variations in hand orientation, 

providing a dataset that captured the natural diversity of 

real-world usage. Approximately 1,000 images were 

collected per alphabet, resulting in over 26,000 labelled 

instances. To enhance the system’s practicality, additional 

gestures, such as Space, Clear, and Backspace, were included 

to simulate the basic requirements of textual communication.  

All recordings were conducted using a plain background to 

minimise visual noise and improve the accuracy of hand 

landmark extraction during pre-processing. Each frame was 

manually inspected to remove blurred or poorly captured 

samples. The final dataset was organized into separate 

directories by gesture class, enabling efficient feature 

extraction and model training. By focusing on gesture realism 

and signer diversity, the dataset supports strong 

generalization, ensuring that the proposed model performs 

reliably across different users and environments during 

real-time translation of ISL gestures.   

B. Data Pre-Processing 

The pre-processing phase forms the backbone of accurate 

gesture recognition, transforming raw visual data into a 

structured format suitable for deep learning analysis. Since 

each recorded frame may vary in lighting, orientation, and 

background, a series of image enhancement and 

normalisation procedures was applied before model training. 

Initially, all images were resized to a uniform resolution of 

224×224 pixels to maintain consistent input dimensions. 

Normalization of pixel intensity values between 0 and 1 was 

applied to reduce contrast fluctuations, improving learning 

stability. This process is mathematically represented as:  

   …   (1) 

 where,  denotes the original pixel intensity, and 

,  These are the minimum and maximum pixel 

values in the frame. Next, Mediapipe Hand Tracking was 

used to detect and extract 21 distinct landmarks from each 

frame, representing critical points on the fingers and the 

palm. Each landmark’s coordinate was 

normalized to eliminate scale and translation differences, 

expressed as: 

   …   (2) 

 These normalized coordinates were concatenated into 

feature vectors of length 42, forming the input structure for 

the CNN–BiLSTM model. To improve robustness against 

overfitting, data augmentation techniques such as random 

rotation, horizontal flipping, and brightness adjustment were 

applied. Finally, the entire dataset was standardized using 

z-score normalization to align statistical properties across 

samples: 

   …   (3) 

 where,  is the mean and  is the standard deviation of the 

feature distribution. This comprehensive pre-processing 

pipeline ensured uniformity, minimized redundancy, and 

enabled the model to focus purely on the geometric and 

spatial cues of gestures, leading to higher accuracy and 

improved generalization in real-time ISL recognition. Fig. 3 

shows the preprocessing flow of the proposed work.  

 

[Fig.3: Data Pre-Processing] 

This preprocessing strategy   

was chosen for its balance 

between precision and 
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computational efficiency. Normalization and landmark 

extraction using Mediapipe minimize noise and illumination  

effects, while feature scaling ensures consistent input 

distribution. Together, these steps transform raw gestures 

into standardized, geometry-focused representations, 

enabling faster convergence, higher accuracy, and reliable 

real-time ISL recognition performance. 

C. Feature Extraction & Representation of Model 

 The core of any sign language recognition system lies in 

how effectively it transforms raw visual information into 

meaningful mathematical features that a deep learning model 

can interpret. In this work, the extracted hand landmarks 

using Mediapipe serve as the foundation for robust and 

consistent feature representation. Each gesture frame 

produces twenty-one distinct landmark points corresponding 

to critical joints such as fingertips, knuckles, and wrist 

coordinates. These points are converted into numerical pairs. 

 These collectively encode the spatial geometry of 

the signer’s hand at a given moment. This process eliminates 

reliance on raw pixel values and instead focuses on geometric 

structure, ensuring the model remains unaffected by lighting 

or background variations. To maintain uniformity across 

frames, the extracted coordinates are normalized within a 

predefined range. The normalization step ensures that 

gestures captured from different distances or orientations 

retain proportional accuracy. The landmark vector is 

represented as: 

   …   (4) 

 where ( ) denotes the final feature vector representing a 

single frame. This compact representation transforms the 

high-dimensional image space into a structured, 

low-dimensional numerical space suitable for deep learning. 

For dynamic gestures such as “J” and “Z,” which involve 

sequential motion, temporal patterns are extracted from 

consecutive frames. Each frame’s feature vector is 

concatenated into a time-series representation, preserving the 

order of movement. This enables the BiLSTM component of 

the model to capture directional and sequential dependencies 

between successive gestures. The temporal feature sequence 

can be mathematically expressed as, 

   …   (5) 

 where ( ) represents the temporal progression of gesture 

states across ( ) frames. By processing this sequence, the 

model learns motion continuity and differentiates between 

visually similar but dynamically distinct gestures. To 

enhance discriminative capability, derived attributes such as 

Euclidean distances between key landmarks and angular 

relations between finger joints are computed. These 

secondary geometric features introduce relational context, 

improving recognition precision across users with different 

hand proportions. The Euclidean distance between any two 

landmarks ( ) and ( ) is given by, 

   …   (6) 

This distance-based representation helps the CNN layers 

recognize shape configurations, while the BiLSTM captures 

their variation over time. The resulting feature map thus 

embodies both the spatial geometry and temporal evolution 

of gestures. Before feeding into the neural network, all 

feature vectors are standardized using mean–variance scaling 

to improve convergence speed and stability during training. 

Feature extraction in this research was carried out using 

Mediapipe Hand Tracking integrated with OpenCV, which 

identifies 21 anatomical landmarks per frame covering the 

fingertips, joints, and wrist. Each landmark generates an (x, 

y) coordinate pair representing precise spatial positions of the 

hand’s structure.  

The extraction process begins with live or recorded gesture 

input. Mediapipe applies a pretrained neural model to detect 

the hand region, isolate the contour, and compute normalized 

landmarks relative to the image frame. This step captures the 

geometric configuration of each gesture independent of 

background and lighting. The landmarks are then 

transformed into 42-element numerical feature vectors (21 × 

2) that represent the gesture’s structural pattern. 

For dynamic gestures, sequential frames are analyzed and 

concatenated into temporal series so that motion patterns can 

be modelled by the BiLSTM layer later in the pipeline. 

Additional relational metrics, such as Euclidean distance 

between landmarks and joint angles, are computed to enrich 

the representation with inter-finger relationships. These 

extracted features provide a compact yet highly descriptive 

summary of each gesture’s spatial and temporal dynamics, 

allowing the CNN layers to focus on local geometry while the 

BiLSTM interprets motion continuity. This structured 

representation ensures accuracy, speed, and robustness in 

real-time ISL recognition. Through this representation, 

redundant information is minimized, and only essential hand 

dynamics are preserved. Overall, this hybrid feature 

representation ensures a balance between simplicity and 

expressiveness. It leverages coordinate-based geometry for 

lightweight computation while maintaining enough temporal 

granularity for accurate classification.  

D. Feature Representation of Model 

 The proposed model combines the strengths of 

Convolutional Neural Networks (CNNs) and Bidirectional 

Long Short-Term Memory (BiLSTM) networks into a 

unified hybrid architecture that effectively learns both the 

spatial and temporal characteristics of Indian Sign Language 

(ISL) gestures, as shown in Fig. 4.  

 

[Fig.4: Bi-LSTM Architecture for ISL] 

This integration ensures that static gestures are recognised 

through spatial feature analysis, while dynamic movements 

are understood through sequential modelling. The 

architecture is carefully designed for real-time performance, 

achieving a balance between 

accuracy, interpretability, and 

computational efficiency 

critical for accessibility 

http://doi.org/10.35940/ijese.L2628.14011225
http://doi.org/10.35940/ijese.L2628.14011225
http://www.ijese.org/


International Journal of Emerging Science and Engineering (IJESE)  

ISSN: 2319–6378 (Online), Volume-14 Issue-1, December 2025 

20 

Published By: 

Blue Eyes Intelligence Engineering 

and Sciences Publication (BEIESP) 

© Copyright: All rights reserved. 

Retrieval Number:100.1/ijese.L262813121125 

DOI:10.35940/ijese.L2628.14011225 

Journal Website: www.ijese.org 

applications involving Divyangjan users.  

The system processes gesture data in structured stages: 

input representation, convolutional feature extraction, 

sequence learning, dense mapping, and classification. The 

extracted features from Mediapipe, consisting of 42 

coordinate values (21 landmarks × two axes), serve as the 

model’s input. These features capture the geometric 

configuration of the signer’s hand at each frame. For 

motion-based gestures, consecutive frames form a temporal 

sequence, allowing the BiLSTM layer to capture movement 

continuity. The model begins with CNN layers that learn 

local spatial patterns, such as the relative positioning of 

fingers, palm curvature, and inter-finger distances. Each 

convolutional operation applies a set of filters to the input 

tensor, mathematically represented as,  

 

   …   (7) 

 

 where,  denotes the feature map output for the   

 filter,  represents the local input region, 

 are learnable kernel weights, is the bias term, and  

is the nonlinear activation (ReLU) used to introduce 

nonlinearity and eliminate vanishing gradients. Multiple 

convolutional layers are stacked to build hierarchical 

representations from simple edge-like structures to complex 

gesture patterns. Each convolutional block is followed by 

max pooling to reduce spatial dimensions and computational 

cost, preserving only the most significant features. 

i. Flattening and Feature Encoding 

Once the CNN layers have extracted spatial features, the 

resulting multidimensional tensor is flattened into a 

one-dimensional vector, enabling its transition into the 

recurrent processing stage. Flattening acts as an information 

bridge, converting spatial maps into a format suitable for 

sequential learning without losing contextual relationships 

among landmark positions. This representation is crucial 

because the ISL gestures often depend not only on the current 

hand pose but also on the movement trajectory. The flattened 

features thus serve as a compact, information-rich embedding 

that the BiLSTM layer can process efficiently. 

ii. BiLSTM Temporal Learning 

The Bidirectional LSTM (BiLSTM) layer enhances the 

model’s ability to interpret time-dependent information by 

processing the input sequence in both forward and backward 

directions. While a standard LSTM learns dependencies only 

from past frames, BiLSTM captures contextual cues from 

both past and future frames, making it highly effective for 

distinguishing gestures with similar spatial appearances but 

opposite or cyclic motion. The core operation of the BiLSTM 

can be expressed as,  

 

   …   (8) 
  

Here,  is the hidden state at time step t, while f denotes 

the forward and backward LSTM functions, respectively. 

The concatenation  of both directions allows the model to 

capture full sequence dependencies. Each LSTM unit 

internally maintains gates —input, forget, and output — that 

control the information flow, enabling selective memory 

retention and mitigating long-term dependency issues. In this 

work, two BiLSTM layers are employed to ensure deeper 

temporal learning. The first layer extracts fundamental 

motion dynamics, while the second refines them into 

high-level temporal patterns. Dropout regularisation (set to 

0.25) is introduced between layers to prevent overfitting, 

ensuring the model generalises well across different users 

and lighting conditions. 

iii. Dense and Output Layers 

 The output from the BiLSTM layers is fed into a fully 

connected dense layer, which performs dimensionality 

reduction and maps learned features to gesture categories. 

This transformation is computed as,  

   …   (9) 

 Where h is the concatenated BiLSTM output, w and b 

represent learnable weight matrices and bias, and (y) 

corresponds to the probability distribution over gesture 

classes. The Softmax function ensures that all class 

probabilities sum to 1, allowing clear interpretation of the 

model's confidence for each predicted gesture. The final layer 

contains 29 output neurons corresponding to 26 alphabetic 

gestures (A–Z) and three functional gestures (Space, Clear, 

Backspace). 

iv. Activation and Optimisation 

 The model uses the Rectified Linear Unit (ReLU) 

activation in all CNN and intermediate dense layers to 

accelerate convergence and mitigate gradient vanishing. The 

Adam optimizer is adopted due to its adaptive learning rate 

adjustment, which stabilizes training across diverse gesture 

variations. The network is trained using categorical 

cross-entropy loss, suitable for multiclass classification tasks. 

Batch normalization is employed after each convolutional 

block to standardize feature distributions, improving both 

accuracy and stability. Early stopping and model 

checkpointing strategies are also implemented to preserve the 

best-performing model during training. 

v. Interpretability and Strengths 

The hybrid CNN–BiLSTM framework integrates spatial 

precision and temporal awareness, enabling the recognition 

of both static postures and motion-dependent gestures. The 

CNN component excels at detecting finger arrangement, 

while the BiLSTM component understands motion 

continuity and direction. This dual learning structure 

significantly reduces misclassification between visually 

similar gestures. Moreover, the architecture is lightweight 
and optimized for real-time use, allowing deployment on 

moderate computing hardware without compromising 

accuracy. The modular design also enables future 

adaptability to sentence-level translation and multi-modal 

integration with voice synthesis for accessibility tools. The 

proposed Hybrid CNN-based BiLSTM framework forms a 

robust pipeline for ISL gesture recognition by uniting 

geometric spatial analysis and temporal motion learning. 

Through structured layers, mathematical optimization, and 

careful feature design, the model 

delivers high accuracy, reduced 

latency, and practical 
usability for Divyangjan 
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communication systems. It represents an important step 

toward inclusive, intelligent, and context-aware AI-driven 

assistive technologies.  

vi. Model Training and Validation Strategy 

 The model training and validation process determines the 
final performance of the proposed Hybrid CNN–BiLSTM 

architecture. The dataset is divided into two parts: 80% for 

training and 20% for testing. This ensures sufficient data for 

learning while reserving unseen samples for unbiased 

evaluation. The Adam optimiser was chosen because it 

dynamically adjusts learning rates during training, improving 

stability and convergence speed. The initial learning rate was 

set to 0.001, and a batch size of 32 was used to balance 

training efficiency and computational load. The training 

process ran for 100 epochs, with early stopping enabled to 

prevent overfitting.  

For performance measurement, four evaluation metrics 

were used: accuracy, precision, recall, and F1-score. These 

metrics collectively assess the model’s reliability across all 

gesture classes. Precision measures how many of the 

predicted gestures were correct, recall assesses how many of 

the actual gestures were correctly identified, and F1-score 

balances both. Five-fold cross-validation was performed to 

ensure consistency and robustness across multiple dataset 

partitions. Dropout layers and regularization were 

incorporated to minimize overfitting, while validation loss 

monitoring helped determine optimal stopping points. This 

systematic approach produced a model with high reliability, 

capable of generalizing across users and environmental 

variations. 

vii. Real-Time Detection and GUI Integration 

To translate deep learning outcomes into an accessible and 

user-friendly platform, a real-time graphical interface was 

developed using CustomTkinter. The interface links the 
trained CNN–BiLSTM model with real-time video 

processing modules powered by OpenCV and Mediapipe. 

Once the webcam is activated, each captured frame 

undergoes preprocessing and landmark extraction. These 

extracted features are then fed into the trained network, 

which instantly predicts the corresponding alphabet or 

command gesture. The recognized gesture is displayed as text 

within the GUI window, where users can build words and 

sentences interactively. Additional gestures, such as “Space,” 

“Backspace,” and “Clear,” enhance usability, enabling fluid 

communication similar to typing. Latency was minimized by 

running the model locally with GPU support, keeping the 
average prediction delay under 100 milliseconds per frame. 

Thread optimization and asynchronous data handling ensured 

smooth interface updates without frame drops. 

This seamless integration of AI with human-computer 

interaction makes the system practical for classrooms, 

workplaces, and assistive communication environments. It 

allows Divyangjan users to express themselves naturally 

without dependence on interpreters or specialized hardware. 

viii. System Implementation Details 

 The system was developed in Python 3.10 using 

TensorFlow and Keras as the core deep learning libraries. 

Supporting frameworks such as Mediapipe, NumPy, and 

OpenCV were integrated for landmark detection, matrix 

operations, and video processing. The model was trained on a 

workstation equipped with an Intel i7 processor, 16 GB 

RAM, and an NVIDIA GTX 3060 GPU. This configuration 

ensured efficient parallel computation during training and 

inference. The trained model was stored in HDF5 (.h5) 

format, enabling quick deployment and reuse. Tensor Board 

was used to monitor model performance, visualize loss 

curves, and analyze training progress. During execution, the 

pipeline consists of three independent modules: data 

preprocessing, model inference, and GUI display. Each 

operates synchronously to ensure minimal delay. 

 Model storage and version control were managed locally, 

with backups for retraining and incremental improvements. 

Memory efficiency was optimised through selective frame 
sampling, enabling real-time operation without 

computational lag. The entire system is portable and runs on 

standard laptops, making it accessible to institutions and 

individual users. Additionally, the framework supports 

migration to edge devices such as NVIDIA Jetson or 

Raspberry Pi for low-cost deployment. 

ix. Ethical and Accessibility Considerations 

The research strictly adheres to ethical guidelines for data 

collection and usage. All participants involved in gesture 

recording provided informed consent, and no personally 

identifiable information was stored. Only hand regions were 
captured to maintain participant privacy. Data was securely 

stored in encrypted local directories and used solely for 

research purposes. From an accessibility standpoint, the 

system was developed with the needs of the Divyangjan 

community in mind. It avoids costly or intrusive equipment, 

such as sensor gloves, and relies solely on a regular webcam 

for gesture capture. The GUI was designed for simplicity, 

using high-contrast colours and large, readable fonts for users 

with visual impairments. The system architecture also 

supports multilingual sign-language adaptation, enabling 

retraining for regional variants across India. The ethical 

approach ensures fairness, transparency, and accountability 
in the use of AI. The solution aligns with the Accessible India 

(Sugamya Bharat) campaign and promotes inclusion by 

empowering individuals with hearing or speech impairments 

to communicate independently. Beyond its technological 

value, the system upholds human dignity and equality, 

serving as a socially responsible application of artificial 

intelligence that fosters accessibility and inclusion. 

IV. ALGORITHM 

The proposed Hybrid CNN–BiLSTM model captures live 

hand gestures from a webcam, extracts, and normalises 
Mediapipe landmarks, and processes them using a CNN for 

spatial features and a BiLSTM for temporal patterns. The 

predicted gesture is classified via Softmax and instantly 

displayed as text in a CustomTkinter GUI for real-time 

communication. The following is the 10-step algorithm 

process of the proposed mode.  

A. Input Gesture Capture: Capture live hand gestures 

through the system webcam. 

B. Frame Acquisition: Read continuous frames using 

OpenCV for real-time analysis. 

C. Hand Detection: Use Mediapipe to identify and segment 

the hand region. 

D. Landmark Extraction: 

Extract 21 landmark 

coordinates from the 

detected hand. 
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E. Feature Normalization: Normalize and vectorize the 

landmark coordinates into a fixed-length input. 

F. Feature Processing (CNN): Apply CNN layers to extract 

high-level spatial features from hand geometry. 

G. Temporal Processing (BiLSTM): Pass sequential 

feature frames to BiLSTM to  

learn motion dynamics. 

H. Classification Layer: Feed BiLSTM output to the dense 

Softmax layer for gesture class prediction. 

I. Output Generation: Convert the predicted class index 

into its corresponding alphabet or functional gesture. 

J. Display in GUI: Display the recognized gesture as text in 

the CustomTkinter interface for real-time 

communication. 

V. RESULTS & DISCUSSIONS 

The Results and Discussion section presents the analytical 
results of experiments conducted on the proposed Hybrid 

CNN–BiLSTM framework for Indian Sign Language (ISL) 

recognition. This section demonstrates the model's 

performance in real-world scenarios through quantitative 

evaluations, supported by key metrics including accuracy, 

precision, recall, F1 Score, and validation loss. 

It begins with a detailed outline of the experimental 

settings, including the dataset configuration, training 
environment, hyperparameter selection, and evaluation setup. 

These parameters form the foundation for ensuring fairness, 

repeatability, and consistency in model testing. Following 

this, the section provides a comparative analysis of the 

proposed model against baseline architectures—Random 

Forest, CNN, and CNN–LSTM—to highlight improvements 

in classification accuracy and computational efficiency. 

The results are then interpreted in terms of their practical 
implications, explaining why the proposed hybrid structure 

outperforms traditional classifiers. Confusion matrix 

summaries and per-class performance statistics offer insights 

into the model’s behaviour across both static and dynamic 

gesture categories. The discussion also emphasises the 

importance of model optimisation in achieving low latency 

and real-time inference, which is essential for Divyangjan 

assistive communication systems. 

Table I: Experimental Settings  

Parameter Description Value 

Dataset Size 
Total images collected for 

A–Z and functional gestures 
26,000+ 

Train-Test Split 
Ratio of samples used for 

model training and testing 
80:20 

Input 

Dimensions 
Resized frame dimensions 224 × 224 

Optimizer 
Optimization algorithm used 

for training 
Adam 

Learning Rate Initial learning rate 0.001 

Batch Size 
Number of samples processed 

per iteration 
32 

Epochs 
Total number of training 

epochs 
100 

Dropout 
Dropout rate to prevent 

overfitting 
0.25 

Activation 

Function 

Function applied in 

convolution and dense layers 
ReLU, Softmax 

Hardware Used CPU and GPU specifications 
Intel i7, NVIDIA 

GTX 3060 

Software 

Environment 

Development tools and 

versions 

Python 3.10, 

TensorFlow 2.15, 

Mediapipe, 

OpenCV 

This research confirms that the model maintains 

consistently high accuracy across both static and dynamic 

gestures. The diagonal elements represent correct predictions 

(True Positives), while the off-diagonal elements indicate 

instances of misclassification. Static gestures such as “A”, 

“B”, “C”, and “D” show near-perfect recognition due to 

distinct spatial patterns. Dynamic gestures like “J” and “Z”, 

which involve temporal motion, exhibit slightly lower 

accuracy but still perform well owing to BiLSTM’s ability to 

capture motion dependencies. Functional gestures — Space, 

Clear, and Backspace — achieved the highest precision 

because they exhibit distinct hand positions.  

The minimal number of false positives and false negatives 

validates the model’s robustness and real-time stability. The 

overall accuracy remains above 97%, demonstrating that the 

proposed system effectively distinguishes gestures with 

subtle inter-class similarities. Across all gesture groups, the 

proposed CNN–BiLSTM model exhibits superior accuracy 

and reliability. The mean accuracy of 97.8% and high 

precision (>97%) confirm that the model generalizes well to 

unseen samples. Minor misclassifications were primarily 

between visually similar signs such as “M” and “N” or “U” 

and “V”, which share close geometric configurations. 

However, BiLSTM’s temporal learning significantly reduces 

such errors compared to baseline CNN-only models. 

The confusion matrix analysis validates that the hybrid 

architecture effectively captures both static and 

motion-dependent gestures, achieving near-human 

recognition accuracy and demonstrating strong potential for 

real-time ISL communication applications. The performance 

boost is achieved through optimised integration of a CNN 

and a BiLSTM, where the CNN extracts spatial gesture 

patterns and the BiLSTM captures motion sequences. 

Efficient normalisation, data augmentation, and dropout 

regularisation enhance generalisation. Combined with 

adaptive learning and GPU acceleration, the model achieves 

97.8% accuracy, ensuring faster convergence and robust 

real-time ISL gesture recognition.  

 

 

[Fig.5: Confusion Matrix A-E] 
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[Fig.6: Confusion Matrix All Letters] 

The experimental outcomes clearly show that the proposed 

Hybrid CNN–BiLSTM model achieves superior performance 

compared to other baseline architectures. The Random Forest 

model, though simple, demonstrates limited capacity to 

capture spatial and temporal dependencies, resulting in 

moderate accuracy (91.6%). The standalone CNN improves 

accuracy to 95.2% by effectively learning local spatial 

patterns in hand geometry. Adding LSTM further enhances 

performance (96.3%), allowing temporal relationships 

among sequential frames to be recognised. However, the 

hybrid CNN–BiLSTM framework outperforms all others, 

achieving 97.8% accuracy, 97.4% precision, 97.2% recall, 

and 97.3% F1-score. 

This significant improvement is due to the model’s 

dual-learning mechanism: the CNN extracts fine-grained 

spatial features, while the BiLSTM captures motion 

continuity and contextual information. Furthermore, proper 

preprocessing, dropout regularisation, and adaptive learning 

rate optimisation reduced the validation loss to 0.08, 

indicating strong generalisation. The results validate that the 

proposed architecture effectively recognises both static and 

dynamic gestures, providing real-time, accurate translations 

for sign language users and ensuring robustness across 

varying lighting conditions, angles, and signer differences. 

Table II: Comparative Values & Findings  

Models 
Performance Values 

AC PR RC F1-M VL 

RF  91.6 90.8 90.2 90.5 0.21 

CNN 95.2 94.9 94.3 94.5 0.13 

CNN 
96.3 96 95.7 95.8 0.1 

LSTM 

CNN 
97.8 97.4 97.2 97.3 0.08 

BiLSTM 

 

[Fig.7: Comparative Results] 

 

[Fig.8: Validation Loss] 

The validation loss of the proposed Hybrid CNN–BiLSTM 

model reached 0.08, indicating a strong balance between 

learning and generalisation. This low loss value signifies that 

the model effectively minimises prediction errors on unseen 

data, avoiding both overfitting and underfitting. Compared to 

baseline models such as CNN (0.13) and CNN–LSTM (0.10), 

the hybrid approach demonstrates superior optimisation 

stability. The inclusion of dropout regularisation, adaptive 

learning rates, and efficient feature normalisation contributed 

to smoother convergence. Overall, the reduced validation 

loss confirms that the model learns meaningful 

spatial–temporal representations, ensuring consistent 

accuracy during real-time ISL gesture recognition.  

VI. CONCLUSION 

The proposed Hybrid CNN–BiLSTM model achieves 

real-time, highly accurate Indian Sign Language (ISL) 

gesture recognition, bridging the communication gap for 

individuals with hearing and speech impairments. By 

integrating CNN’s spatial feature extraction with BiLSTM’s 

temporal sequence learning, the system effectively interprets 

both static and dynamic gestures. Mediapipe-based landmark 

detection and optimised pre-processing further enhanced 

accuracy, achieving 97.8% with minimal validation loss 

(0.08). The GUI integration ensures 

inclusivity, simplicity, and 

accessibility for Divyangjan 

users, offering a low-cost, 

sensor-free communication 
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tool adaptable for educational and social use.  

However, the model’s performance can vary slightly under 

extreme lighting conditions or partial occlusions, and larger 

datasets may be required to achieve greater linguistic 

diversity.  

Future work will focus on expanding to sentence-level 

recognition, multilingual gesture datasets, and deploying on 

mobile or embedded edge devices for broader accessibility.  
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