eLf My

wairod ik

ity o)
A

WVolume: 10 Issue: 04 | April - 2026

‘fs“g International Journal of Scientific Research in Engineering and Management (IJ]SREM)

SJIF Rating: 8.659 ISSN: 2582-3930

LIGHTWEIGHT MULTIMODAL DEEP LEARNING
FRAMEWORK FOR REAL-TIME SIGN LANGUAGE
RECOGNITION ON EDGE DEVICES

Indhumathi
Assistant Professor,
Computer science and engineering
Angel college of engineering and technology
Tiruppur

Vasanthkumar S
Student,
Computer science and engineering
Angel college of engineering and technology
Tiruppur
vasanthkumarsivasamy17@gmail.com

Abishek S
Student,
Computer science and engineering

Angel college of engineering and technology

Tiruppur
aabi24773(@gmail.com

Sivadharasan S
Student,
Computer science and engineering

Angel college of engineering and technology

Tiruppur
er.siva2005@gmail.com

Nikshan A

Student

Computer science and engineering
Angel college of engineering and technology

Tiruppur

rajar780495@gmail.com

ABSTRACT

Sign language recognition systems have
witnessed significant advancements with the
integration of deep learning techniques.
However, existing systems still face major
challenges such as high computational
complexity, limited real-time performance, and
lack of contextual understanding. Most
traditional  approaches rely heavily on
Convolutional Neural Networks (CNNs) for
feature extraction, which are effective for static
gesture recognition but inadequate for handling
dynamic and continuous gestures.

This paper proposes a lightweight
multimodal deep learning framework designed to
overcome these limitations by enabling real-time
sign language recognition on edge devices. The

© 2026, IJSREM | https://ijsrem.com | Page 1

proposed system integrates gesture recognition
with facial expression analysis and contextual
text processing, thereby enhancing both accuracy
and interpretability. By incorporating Long
Short-Term Memory (LSTM) networks and
transformer-based architectures, the system
effectively captures temporal dependencies in
sequential gestures.

Furthermore, optimization techniques are
employed to reduce computational overhead,
making the system suitable for deployment on
mobile and embedded platforms. The use of
multimodal datasets improves robustness and
adaptability across different sign languages.
Experimental analysis indicates that the proposed
approach achieves improved accuracy, reduced
latency, and better contextual understanding


https://ijsrem.com/
mailto:aabi24773@gmail.com
mailto:vasanthkumarsivasamy17@gmail.com
mailto:er.siva2005@gmail.com
mailto:rajar780495@gmail.com

Pl

R

WVolume: 10 Issue: 04 | April - 2026

l““ﬁ International Journal of Scientific Research in Engineering and Management (IJ]SREM)

SJIF Rating: 8.659 ISSN: 2582-3930

compared to conventional methods. This work
contributes to the development of scalable and
intelligent assistive communication systems for
the hearing-impaired community.

Key words: Sign Language Recognition, CNN,
LSTM, Multimodal Learning, Edge Computing.

1. INTRODUCTION

Sign language serves as a primary mode
of communication for individuals with hearing
and speech impairments, enabling them to
interact effectively within society. With the rapid
growth of artificial intelligence and deep learning
technologies, there has been a significant increase
in research focused on automating sign language
recognition systems. These systems aim to
translate hand gestures into textual or spoken
language, thereby bridging the communication
gap between the hearing-impaired community
and the general population.

Despite these advancements, many
existing systems are limited by their reliance on
computationally intensive models, which restrict
their applicability in real-time environments,
especially on mobile and edge devices.
Additionally, most approaches focus solely on
hand gesture recognition, ignoring other
important modalities such as facial expressions
and contextual cues that play a crucial role in
understanding sign language. This limitation
reduces the overall accuracy and effectiveness of
communication systems. Therefore, there is a
need for a more efficient, lightweight, and
multimodal approach that can operate in real-time
while maintaining high accuracy and scalability

ILLITERATURE REVIEW

Sign language recognition has been
extensively studied using various approaches
over the years. S. Mitra and T. Acharya (2007)
presented one of the earliest surveys on gesture
recognition, highlighting the transition from
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sensor-based systems to vision-based techniques.
Their work emphasized the limitations of
hardware-dependent methods and the need for
more flexible and scalable solutions.

K. Simonyan and A. Zisserman (2015)
introduced deep Convolutional Neural Networks
(CNNs) for image recognition, which
significantly improved the performance of static
hand gesture recognition. However, their
approach was limited to spatial feature extraction
and could not effectively handle temporal
sequences.

To address sequential data processing, S.
Hochreiter and J. Schmidhuber (1997)
proposed Long Short-Term Memory (LSTM)
networks, which are capable of capturing long-
term dependencies in sequential data. Later, A.
Graves (2012) further explored sequence
modeling using recurrent neural networks,
demonstrating their effectiveness in time-series
and gesture recognition tasks.

In recent years, attention-based models
have gained prominence. A. Vaswani et al.
(2017) introduced the Transformer architecture,
which utilizes self-attention mechanisms to
model long-range dependencies more efficiently
than traditional RNN-based models. This
approach has been widely adopted in sequence
learning tasks, including sign language
recognition.

Furthermore, O. Koller et al. (2015)
explored deep learning techniques specifically for
sign language recognition, demonstrating the
effectiveness of combining spatial and temporal
features. Similarly, R. Cui et al. (2019) proposed
recurrent convolutional neural networks for
continuous sign language recognition, achieving
improved accuracy in dynamic  gesture
interpretation.

Despite these advancements, existing
approaches still face challenges such as high
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computational complexity, lack of real-time
performance, and limited contextual
understanding. Most systems focus only on hand
gestures and fail to incorporate additional
modalities such as facial expressions and
contextual information. Therefore, there is a need
for a lightweight and multimodal framework that
can efficiently address these limitations and
provide accurate real-time sign language
recognition.

11 EXISTING SYSTEM

Existing sign language recognition
systems primarily rely on computer vision and
deep learning techniques such as Convolutional
Neural Networks (CNNs) and Recurrent Neural
Networks (RNNs). CNNs are effective in
recognizing static hand gestures by extracting
spatial features, while RNNs and LSTM models
are used to handle sequential and dynamic
gestures. However, these systems often require
high computational resources and struggle with
real-time performance. Additionally, most
approaches focus only on hand gestures and do
not consider other important factors such as facial
expressions and contextual information, which
limits their overall accuracy and effectiveness in
real-world applications.

A. DISADVANTAGES

»  High computational cost

»  Not suitable for real-time use

»  Poor performance for dynamic
gestures

»  No multimodal support

»  Sensitive to lighting and
background

» Needs large datasets

»  Requires powerful hardware

»  Low accuracy in real-world
conditions

»  Limited scalability
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IV.PROPOSED SYSTEM:

The proposed system introduces a
lightweight and efficient multimodal deep
learning framework designed for real-time sign
language recognition on edge devices. The
system primarily focuses on overcoming the
limitations of existing approaches by reducing
computational complexity while maintaining
high accuracy. It utilizes Convolutional Neural
Networks (CNNs) for extracting spatial features
such as hand shape, orientation, and movement
patterns from input video frames. To effectively
handle dynamic and continuous gestures, Long
Short-Term Memory (LSTM) networks or
transformer-based architectures are employed to
capture  temporal  dependencies  between
sequential frames.

In addition to gesture recognition, the
proposed system integrates facial expression
analysis to enhance contextual understanding, as
facial cues play a significant role in interpreting
sign language. Furthermore, Natural Language
Processing (NLP) techniques are incorporated to
refine and generate meaningful textual output,
improving the clarity and coherence of the
recognized results. The system also includes a
multimodal fusion mechanism that combines
gesture, facial, and contextual information to
achieve better recognition performance.

To ensure real-time processing, the
model is optimized wusing lightweight
architectures and edge computing techniques
such as model compression, pruning, and
quantization. This enables the system to run
efficiently on mobile devices and embedded
platforms without requiring high-end hardware.
Overall, the proposed framework provides a
scalable, accurate, and practical solution for real-
time sign language recognition, making it suitable
for real-world communication applications.

A. ADVANTAGES OF PROPOSED SYSTEM:

» Real-time Processing: The system provides
fast and instant recognition of sign
language gestures.
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» Low Computational Cost: Optimized
models reduce processing power
requirements.

» Multimodal Accuracy: Combines gestures
and facial expressions for better results.

» Edge Device Support: Can run efficiently
on mobile and embedded devices.

» Improved Performance: Handles dynamic
and continuous gestures effectively.

» Scalability: Can be extended to support
multiple sign languages and datasets.

» User-Friendly: Provides easy interaction
and improves accessibility for users.

V.SOFTWARE REQUIREMENTS:

* Operating System: Windows / Linux

* Front End: Python (GUI — Tkinter /
Streamlit)

* Back End: Python

* Programming Language: Python

* Frameworks: TensorFlow / PyTorch
VI. PROPOSED METHODOLOGY

The proposed methodology is designed
to achieve efficient and real-time sign language
recognition by integrating deep learning
techniques with multimodal processing. The
system follows a structured pipeline consisting of
multiple stages, ensuring accurate gesture
interpretation and text generation.

Initially, the system performs input
acquisition using a camera to capture real-time
video of hand gestures along with facial
expressions. The captured video frames are then
passed to the preprocessing stage, where noise
reduction, background removal, and
normalization techniques are applied to enhance
image quality and consistency.
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In the next stage, feature extraction is
carried out using Convolutional Neural Networks
(CNNs), which identify important spatial features
such as hand shape, orientation, and movement
patterns. These extracted features are then
forwarded to the sequence modeling stage, where
Long Short-Term Memory (LSTM) networks or
transformer-based models analyze temporal
dependencies between consecutive frames. This
enables the system to effectively recognize
dynamic and continuous gestures.

Following this, a multimodal fusion
process is implemented, where gesture data is
combined with facial expression information and
contextual cues to improve the overall
understanding of the sign language. This
integration enhances accuracy by capturing both
visual and contextual aspects of communication.
Finally, the processed data is converted into
meaningful textual output using Natural
Language Processing (NLP) techniques. The
system ensures that the generated text is coherent
and contextually relevant.  Additionally,
optimization techniques such as model
compression, pruning, and quantization are
applied to reduce computational complexity and
enable efficient deployment on edge devices.

Overall, the proposed methodology
provides a scalable, accurate, and real-time
solution for sign language recognition, making it
suitable for practical applications in assistive
communication systems.

VII. MODULE DESCRIPTION ONTOLOGY
A. INPUT ACQUISITION MODULE:

This module captures real-time video input
using a camera. It continuously records hand
gestures along with facial expressions, ensuring
that both spatial and contextual information are
collected for further processing..

B. PREPROCESSING MODULE:

The captured frames are processed to
improve quality and consistency. Techniques
such as noise reduction, background removal,
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resizing, and normalization are applied to
eliminate unwanted variations and prepare the
data for accurate feature extraction.

C. FEATURE EXTRACTION MODULE:

In this module, Convolutional Neural
Networks (CNNs) are used to extract important
spatial features from the input images. It
identifies key attributes such as hand shape,
position, orientation, and movement patterns,
which are essential for gesture recognition.

D. SEQUENCE MODELING MODULE:

This module analyzes the temporal
relationships between consecutive frames using
Long Short-Term Memory (LSTM) or
transformer-based models. It helps in
understanding dynamic and continuous gestures
by capturing sequence dependencies over time.

E. MULTIMODAL FUSION MODULE:

The system combines gesture features
with  facial expressions and contextual
information in this module. This integration
improves the accuracy and provides better
interpretation of complex sign language
expressions.

F. TEXT GENERATION MODULE:

Natural Language Processing (NLP)
techniques are used to convert recognized
gestures into meaningful and grammatically
correct text. This ensures that the output is clear,
understandable, and contextually relevant.

G. OUTPUT MODULE:

The The final output is displayed to the
user in real-time. The system provides a user-
friendly interface where the recognized text is
shown instantly, enabling effective
communication for hearing-impaired individuals.
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VIIL. SYSTEM FLOW DIAGRAM:

e A (el 2

PROCESS FLOW DIAGRAM:

IX. EXPERIMENTAL SETUP AND RESULT

The proposed system is developed using
Python with deep learning frameworks such as
TensorFlow or PyTorch. A standard webcam is
used to capture real-time hand gestures and facial
expressions. The system is trained and tested
using standard datasets such as Indian Sign
Language (ISL) and American Sign Language
(ASL). Preprocessing techniques like resizing,
normalization, and noise removal are applied to
improve data quality.

The model integrates CNN for feature
extraction and LSTM/Transformer for sequence
learning, enabling accurate recognition of both
static and dynamic gestures. The system achieves
an accuracy of approximately 90-95% with low

| Page 5


https://ijsrem.com/

eL? vy
¢ LISR

oW

%%‘%Vdume: 10 Issue: 04 | April - 2026

E"\ International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659 ISSN: 2582-3930

latency, making it suitable for real-time
applications. The inclusion of multimodal
features further enhances performance and
improves contextual understanding.

The experimental evaluation also
considers performance metrics such as precision,
recall, and response time to ensure system
reliability. The results indicate that the proposed
system maintains consistent performance across
different test scenarios and is capable of handling
real-time inputs efficiently. Overall, the system
demonstrates  improved accuracy, faster
processing, and better adaptability compared to
traditional approaches.

SYSTEM IMPLEMENTATION

The proposed sign language recognition
system is implemented using Python as the
primary programming language, leveraging deep
learning frameworks such as TensorFlow or
PyTorch for model development. The system is
designed to support both local execution and
cloud-based training to ensure flexibility and
scalability. For development and
experimentation, environments such as Jupyter
Notebook and Google Colab are utilized, which
provide GPU acceleration for faster model
training and evaluation.

The implementation begins with the
input acquisition stage, where a webcam or
mobile camera captures real-time video frames of
hand gestures and facial expressions. OpenCV is
used to handle video streaming and frame
extraction. These frames are then passed to the
preprocessing module, where operations such as
resizing, normalization, background subtraction,
and noise filtering are applied to enhance image
quality and ensure consistency across different
inputs.

For model training, large datasets such as
Indian Sign Language (ISL) and American Sign
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Language (ASL) are uploaded and processed
either locally or on cloud platforms. Cloud
services such as Google Colab or AWS can be
used to train the deep learning models using
GPU/TPU resources, which significantly reduces
training time. The trained model is then exported
and deployed for real-time inference.

In the feature extraction stage,
Convolutional Neural Networks (CNNs) are used
to extract spatial features from input frames,
identifying key attributes such as hand shape,
position, and orientation. These features are then
fed into sequence modeling layers using Long
Short-Term Memory (LSTM) networks or
transformer-based architectures, which capture
temporal dependencies and enable recognition of
continuous gestures.

The system also integrates a multimodal
fusion mechanism, combining gesture data with
facial expression analysis to improve contextual
understanding. This is achieved by processing
multiple input streams and merging them at a
feature level before classification. Additionally,
Natural Language Processing (NLP) techniques
are applied to convert recognized gestures into
meaningful text output, ensuring grammatical
correctness and clarity.

For deployment, the model is optimized
using techniques such as pruning, quantization,
and model compression to reduce size and
computational requirements. This enables
efficient execution on edge devices such as
smartphones and embedded systems. A
lightweight user interface is developed using
frameworks like Tkinter or Streamlit to display
real-time output to users.

Overall, the system implementation
supports both cloud-based training and edge-
based deployment, ensuring scalability,
efficiency, and real-time performance. This

| Page 6


https://ijsrem.com/

eLf My

W

WVolume: 10 Issue: 04 | April - 2026

““ﬁ International Journal of Scientific Research in Engineering and Management (IJ]SREM)

SJIF Rating: 8.659 ISSN: 2582-3930

hybrid approach allows the system to handle
large-scale data processing while maintaining
low-latency inference in practical applications.

X. CONCLUSION

In this paper, a lightweight multimodal
deep learning framework for real-time sign
language recognition has been proposed and
implemented. The system effectively integrates
Convolutional Neural Networks (CNNs) for
spatial feature extraction and Long Short-Term
Memory (LSTM) or transformer-based models
for temporal sequence analysis. By incorporating
facial expression analysis and contextual
processing, the proposed approach improves the
overall accuracy and understanding of sign
language.

The system demonstrates efficient real-
time performance with reduced computational
complexity, making it suitable for deployment on
edge devices such as smartphones and embedded
systems. Experimental results indicate that the
proposed model achieves high accuracy and low
latency compared to traditional methods.

Although certain challenges such as
environmental variations and dataset limitations
still exist, the proposed framework provides a
scalable and practical solution for assistive
communication. Future enhancements can further
improve performance by integrating advanced
multimodal techniques and expanding dataset
diversity. Overall, this work contributes to the
development of intelligent and accessible
communication systems for the hearing-impaired
community.
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