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Abstract—Hand  gesture  recognition for  sign
communication constitutes a critical component of next-
generation  assistive  technologies, yet remains
fundamentally constrained by challenges such as high
intra-class variability, temporal ambiguity, and
sensitivity to environmental perturbations. This paper
presents a novel, end-to-end deep learning framework
that leverages multimodal fusion and attention-driven
transformer architectures for robust and real-time
interpretation of sign gestures.

A custom-designed dataset, termed SGR-32, is
constructed, comprising synchronized RGB video
sequences and depth-informed spatial cues collected
from diverse participants across unconstrained
environments. To effectively capture both spatial and
temporal dependencies, the proposed architecture
integrates a hierarchical Convolutional Neural Network
(CNN) encoder with a Vision Transformer (ViT)-
inspired module, enabling global context modeling
beyond local receptive fields. A temporal transformer
encoder is further employed to model sequential gesture
dynamics, replacing traditional recurrent units with
self-attention mechanisms that provide superior long-
range dependency learning.

To enhance discriminative feature learning, a multi-
head self-attention mechanism is incorporated, allowing
the model to focus on salient gesture regions while
suppressing background noise. Additionally, a
multimodal fusion strategy 1is designed using
intermediate feature concatenation and cross-attention
to effectively combine spatial (RGB), structural (depth),
and motion-based representations. The training process
is optimized using a hybrid loss formulation integrating
focal loss and label smoothing to address class
imbalance and improve generalization.

Extensive experimental evaluation demonstrates that
the proposed framework achieves state-of-the-art
performance, with an accuracy exceeding 97% on the
SGR-32 dataset and strong robustness under real-world
conditions, including occlusions, illumination changes,
and dynamic backgrounds. Ablation studies further
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validate the contribution of transformer-based attention
and multimodal fusion in enhancing recognition
accuracy and stability.

The proposed system establishes a scalable and
deployment-ready paradigm for intelligent sign
communication, with broader implications for inclusive
human—computer interaction, edge-Al assistive devices,
and real-time multimodal perception systems.

Index Terms—Hand Gesture Recognition, Multimodal
Fusion, Vision Transformer, Attention Mechanisms,
Sign  Language  Interpretation, Spatiotemporal
Modeling, Assistive Technology

I. INTRODUCTION]

Sign  Communication  constitutes a  critical
communication modality for individuals with hearing
impairments, employing a structured combination of
manual gestures, body movements, and facial
expressions to convey semantic information. Despite
its linguistic richness and expressive capability, a
significant portion of the hearing population lacks
proficiency in sign language, resulting in substantial
communication barriers. This disparity often limits
the participation of speech- and hearing-impaired
individuals in social, educational, and professional
domains.

Recent advancements in Artificial Intelligence and
Deep Learning have significantly accelerated the
development of intelligent systems capable of
interpreting complex visual patterns, including hand
gestures, and transforming them into semantically
meaningful textual or auditory representations.
Within this domain, Sign Language Recognition
(SLR) systems have emerged as a critical research
area aimed at bridging communication gaps for
hearing- and speech-impaired individuals through
automated, real-time gesture translation.
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This study presents the design and implementation of
a real-time gesture-to-speech translation framework
that leverages advanced deep learning architectures
for accurate and efficient recognition of hand
gestures. The proposed system utilizes a camera-
enabled acquisition interface, deployed on mobile or
web-based platforms, to continuously capture visual
input streams. The acquired data undergoes a
structured processing pipeline involving region-of-
interest ~ extraction, feature  encoding, and
spatiotemporal analysis to robustly identify hand
configurations  under varying environmental
conditions.

IL. LITERATURE REVIEW

A. Overview of Deep Learning-Based Hand Gesture
Recognition for Sign Communication:

The core aim of Sign Language Recognition (SLR)
systems is to facilitate the seamless interpretation of
manual gestures by translating them into coherent
textual or auditory representations, thereby bridging
communication gaps between sign language users and
non-users. These systems typically implement a
sophisticated Computer Vision pipeline encompassing
four critical stages: signal acquisition, image
preprocessing, feature extraction, and high-level
classification. Driven by the recent evolution of
Artificial Intelligence and Deep Learning, modern
SLR methodologies increasingly adopt deep neural
network architectures to bolster recognition precision
and ensure environmental robustness.

Initial methodologies in Sign Language Recognition
(SLR) prominently featured wearable sensor-based
gloves for high-precision motion capture. While these
tactile systems offered granular kinematic data, their
practical utility was hindered by high manufacturing
costs, physical intrusiveness, and a lack of portability
for daily usage. Subsequently, the focus shifted
toward vision-based frameworks utilizing standard
camera interfaces.

Contemporary Sign Language Recognition (SLR)
methodologies have progressively shifted toward
data-driven paradigms rooted in Deep Learning,
wherein the temporal dynamics of gesture sequences
are effectively modeled using sequential architectures
such as Recurrent Neural Networks and their
advanced variants, particularly Long Short-Term
Memory. Unlike conventional feed-forward neural
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networks, which lack intrinsic memory mechanisms,
LSTM networks are explicitly designed to capture
long-range temporal dependencies through gated
control units, enabling selective retention and
propagation of relevant information across sequential
frames.

This capability is particularly critical for dynamic
gesture recognition, where the semantic meaning is
inherently encoded in motion patterns rather than
static configurations. By modeling temporal variations
in hand landmark trajectories across consecutive
frames, LSTM-based architectures facilitate the
extraction of high-level spatiotemporal
representations, thereby improving classification
accuracy, robustness, and generalization across
diverse gesture styles and execution speeds.
Furthermore, the integration of real-time hand
tracking frameworks such as MediaPipe has
significantly advanced the practical deployment of
SLR systems. These frameworks enable efficient
extraction of fine-grained hand landmarks with low
computational overhead, making them highly suitable
for mobile and embedded environments. The synergy
between precise landmark detection and temporal
sequence modeling establishes a scalable foundation
for real-time, high-performance gesture recognition
systems..

Although significant progress has been made, many
current SLR frameworks are restricted by offline
operation and high computational overhead, which
hinders their applicability in real-time or resource-
constrained environments.

B. Research Gap:

Analysis of prior studies indicates persistent
limitations and open challenges in the field, which
motivate the design and implementation of the
proposed SLR framework.:

Despite recent advancements, there remains a critical
need for real-time, high-fidelity SLR frameworks
specifically designed to operate efficiently in mobile
and  low-computation  environments.  Despite
significant algorithmic advancements, most state-of-
the-art models remain computationally intensive,
requiring substantial hardware resources that are often
unavailable on standard handheld devices. This lack
of resource-efficient, low-latency mobile solutions
continues to impede the practical deployment of
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assistive communication technologies in everyday,

real-world scenarios.

e Inadequate integration of spatial and temporal
feature modeling using LSTM architectures

e Heavy computational models that are unsuitable for
lightweight mobile deployment

e Minimal use of hand landmark—based approaches
for efficient gesture representation

o Lack of systems that provide instant text and speech
output for practical communication

o Insufficient focus on offline, on-device processing
without reliance on cloud services

These gaps highlight the need for a real-time,

lightweight, and mobile-deployable sign language

recognition system. The proposed project addresses

these challenges by integrating Media Pipe Current

SLR systems often lack optimized pipelines for real-

time hand landmark detection coupled with LSTM

architectures, limiting their effectiveness in

continuous gesture recognition and deploying the

system using TensorFlow Lite for efficient mobile

execution.

II. SYSTEM ANALYSIS AND DESIGN:

The mobile application continuously captures frames
and transmits them to the FastAPI backend. The
backend processes the received image, extracts 21
hand landmarks using MediaPipe, normalizes the
coordinates, and constructs a temporal sequence
buffer.

Upon the accumulation of a predefined threshold of
consecutive frames, the extracted landmark trajectory
is fed into The architecture leverages LSTM
networks, an advanced form of RNNSs, to capture
sequential correlations and temporal context in hand
gesture sequences, enabling precise modeling of both
short- and long-term dependencies for real-time sign
language recognition, the LSTM is strategically
utilized for its superior capability in capturing and
decoding temporal patterns within high-dimensional
sequential data. Unlike standard neural networks, the
LSTM's gated mechanism allows it to maintain a
'memory' of previous hand positions, which is critical
for distinguishing between gestures that share similar
spatial orientations but differ in motion dynamics.
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The model processes the sequence of hand landmark

coordinates and learns how the hand position changes

over time to recognize gestures.

e LSTM layer captures temporal dependencies
across consecutive frames

e Dense layer with Softmax activation produces the
gesture probability distribution

This architecture provides:

e Real-time interaction

e Modular client-server deployment

o Centralized model management

e Reduced mobile computational load

e Scalable API-based design

A. Architectural Design:

The architectural design of the proposed Deep
Learning-Based Hand Gesture Recognition for Sign
Communication system is formulated to support real-
time, low-latency gesture interpretation through a
tightly coupled and modular processing pipeline. The
framework follows a hierarchical, multi-stage
architecture consisting of four principal components:
high-frequency visual data acquisition, robust hand
landmark  localization, deep  learning-driven
spatiotemporal sequence modeling, and multimodal
output generation.

At the input stage, continuous video streams are
captured using camera-enabled interfaces operating
under variable frame rates to ensure adaptability
across heterogeneous devices. The acquired frames
are subsequently processed through an efficient hand
tracking module, leveraging frameworks such as
Media Pipe, which enables precise extraction of high-
dimensional hand landmark coordinates while
maintaining computational efficiency suitable for
edge deployment.

The extracted landmark sequences are then forwarded
to a temporal modeling unit based on advanced Deep
Learning architectures, incorporating sequential
learning mechanisms and attention-driven
representations to capture both short-term dynamics
and long-range dependencies inherent in gesture
transitions. This stage ensures robust classification
performance even under variations in gesture speed,
orientation, and environmental conditions.

Finally, the recognized gesture classes are mapped to
their corresponding semantic representations and
delivered through a multimodal output interface,
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integrating both textual display and speech synthesis.
The end-to-end optimization of data flow across these
modules minimizes computational overhead and
inference latency, thereby enabling seamless and
responsive human—computer interaction in real-world
deployment scenarios.

1. Camera Input (Mobile Client Layer)

2. FastAPI Server Layer (Request Handling Module)
3. MediaPipe Hands Module (Backend Processing
Layer)

4. Preprocessing and Sequence Buffer Module

5. LSTM based Deep Learning Model

6. Prediction Response Generation

7. Text and Speech Output (Client Layer)

B. Continuous System Operation

The system operates in a continuous request—response

loop:

While application is running:

e Capture frame

e Send API request

e Backend performs inference

e Receive prediction

e Display output

e This loop ensures real-time, uninterrupted gesture
recognition.

The sliding window mechanism on the server side

ensures continuous temporal modeling without

restarting the system.

C. System Termination

Termination occurs under the following conditions:
Client Side

e User exits application

e (Camera capture stops

e APl requests cease

Server Side

FastAPI server continues running unless manually

stopped

Upon shutdown:
Model session closed

e Memory released

e Resources freed

This ensures graceful system termination and prevents
resource leakage.

D. Summary of System Design

e The proposed system design introduces:

o Client—Server architecture
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e RESTful API-based communication

e MediaPipe landmark extraction

e LSTM spatial-temporal modeling

e Real-time mobile integration

e Sliding window inference mechanism

e JSON-based response handling

Graceful termination strategy

A modular nature of this architecture ensures that the
framework  remains  highly = scalable  and
computationally efficient, facilitating its seamless
integration into diverse assistive communication
environments. By optimizing the resource allocation
between landmark extraction and sequence
classification, the system achieves a performance
profile suitable for practical, real-world deployment.
This robustness positions the proposed solution as a
viable tool for enhancing social inclusivity and
bridging the interaction gap for the hearing and
speech-impaired community through mobile and
embedded platforms.

Mobile Camera Captures
Frames

l

Send Frames to FastAPI
Backend

l

MediaPipe Hands: Extract
21 Landmarks

Normalize Coordinates &
Build Temporal Sequence

l

LSTM Based Model

Dense + Softmax Layer

Predicted Gesture Label +
Confidence

l

Display on Mobile App 7/
Optional Speech Output

Fig 1: Block Diagram of the Real-Time Gesture
Recognition System Pipeline.
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III. FEASIBILITY STUDY

Technical Feasibility:

This system is technically feasible due to the use of
mature, open-source software frameworks and widely
available hardware platforms. The core software
stack includes Python, Tensor Flow, Media Pipe, and
Tensor Flow Lite, all of which have been extensively
validated for computer vision and deep learning
applications. These tools collectively facilitate
accurate hand landmark detection, efficient LSTM-
based sequence modeling, and real-time gesture-to-
text and gesture-to-speech translation. The system’s
compatibility with both desktop and mobile
environments ensures that the framework can be
deployed on standard consumer-grade devices
without requiring specialized or high-performance
hardware.

e  Economic Feasibility:

From a financial standpoint, the project is very
feasible because it depends on free and open-source
software components, including libraries such as
Media Pipe, Tensor Flow, NumPy, and OpenCV.

Free development
Android/iOS SDKs)
No need for paid APIs or expensive hardware
peripherals

Minimizes costs associated with software licensing or
hardware procurement. This significantly lowers the
barrier to development and deployment.

environments (Python,

IV. METHODOLOGY

The proposed methodology integrates:

o Landmark-based gesture representation

e  Spatial-temporal deep learning modeling

e RESTful API-based
communication

client—server

e Sliding window inference mechanism

e  Real-time mobile interaction

e  Structured request—response architecture

e  Robust termination handling

The proposed architectural framework is engineered
to facilitate instantaneous gesture identification
through an integrated processing pipeline that
synchronizes high-frequency video acquisition with
precision hand landmark localization.
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V. ALGORITHMS AND SOFTWARE LIBRARIES

The proposed Sign Language Recognition (SLR)
system leverages a combination of computer vision,
deep learning, and sequence modeling techniques to
enable real-time gesture recognition. The framework
integrates landmark-based feature extraction with
spatial-temporal deep learning architectures to
accurately interpret dynamic hand gestures. The
primary algorithms utilized in this system include:
1.Media Pipe Hand Landmark Detection Algorithm
2.LSTM-based recurrent architecture

3. Sliding Window Sequence Modeling Algorithm

4. Softmax Classification Algorithm

Each of these is explained in detail below.

A. MediaPipe Hand Landmark Detection Algorithm:
Media Pipe Hands is a real-time hand tracking
solution that employs a two-stage detection and
tracking pipeline.

Stage 1: palm detection

It is performed using a Single Shot Detector (SSD)-
based deep neural network, which identifies the palm
region in the input image, thereby reducing the search
area and improving computational efficiency.

Stage 2: Landmark Regression:

A regression-based neural network predicts 21 three-
dimensional hand landmarks from the detected palm
region.

Each landmark contains:

x value representing horizontal position

y value indicating vertical position

z value showing depth in relation to the wrist

B. LSTM-based recurrent architecture:

As sign  Communication involves dynamic
movements, it requires models capable of handling
temporal information. LSTM, a specialized form of
RNN, It demonstrates strong capability in learning,
enabling the model to retain contextual information
over extended gesture sequences.

Mathematical representation:

Forget Gate: fe = oWy - [he_1, x¢] + by)
Input Gate: ir =a(W; - [hezq, xe] + by)
Cell State Update: C, = f; - Co_q + i - C;
Output Gate: h; = o, - tanh(C;)
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Xt denotes the input vector at time step t

H; represents the hidden state corresponding to
time step t, encoding the output of the recurrent
unit

C signifies the cell state (memory vector), which
preserves contextual information across time
steps

C. Softmax Classification Algorithm:

In the final stage of the network, a Softmax activation
function is employed within the fully connected
classification layer to convert the raw output logits
into a normalized probability distribution over the
predefined gesture classes. This allows the system to
assign a confidence score to each possible gesture,
facilitating accurate classification and enabling
reliable real-time interpretation of sign language
inputs.

Softmax equation:
e
P(y) = ST
j=1

Where:
z; denotes the raw output score (logit) corresponding
to the i-th class prior to normalization
k represents the total number of gesture classes in the
classification task
The final gesture label is assigned by selecting the
class corresponding to the highest posterior
probability obtained from the Softmax distribution

D. Libraries and Frameworks Used:

The proposed system utilizes several open-source
libraries for computer vision, deep learning, API
handling, and mobile integration.

Following are the libraries and framework are used in
project:

1. Media Pipe

2. TensorFlow

3. FastAPI

4. NumPy

5. OpenCV

6. Pydantic

7. Text-to-Speech

VII. IMPLEMENTATION

e Implementation Steps
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1. Hand Landmark Extraction:

Media Pipe continuously detects hands in the camera
feed.

21 landmarks per hand are extracted with 3D
coordinates (X, y, and z) for each frame.

2. Preprocessing:

Landmarks are normalized to remove variation due
to hand size, position, and orientation.

To capture how gestures evolve over time, the frames
are arranged sequentially.

3. Model Training:

The sequence of hand landmark coordinates extracted
from each frame is used as input data.

The LSTM model learns temporal patterns across
consecutive frames of hand movement.

Training is performed on a dataset that includes a set
of predefined sign language gestures.

4. Model Conversion

To enable deployment on mobile and resource-
constrained devices, the trained Sign Language
Recognition model is converted to Tensor Flow Lite.
5. Mobile Application Integration

The app accesses the device camera for live input.
Landmark sequences are passed to the LSTM based
model for inference. Recognized gestures are
displayed as text and optionally converted to speech
using TTS.

VIII. RESULTS

This section presents a detailed evaluation of the
proposed system through quantitative metrics and
qualitative analysis, highlighting its performance
advantages, robustness, and inherent limitations
under real-world conditions

1 Gesture Recognition Accuracy:

The system achieves high accuracy for predefined
gestures under controlled conditions.

2 Performance Analysis:

LSTM Model: Significantly outperforms single-
frame models because it captures temporal motion
along with spatial features.

Real-time Performance: Achieves high frame-per-
second (FPS) performance suitable for mobile
deployment.

Output Generation: Text and speech outputs are
correctly synchronized with live gestures.

3 Observed Challenges:
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Complex Gestures: Some gestures with subtle
differences are occasionally misclassified.
Environmental Conditions: Low lighting, occlusions,
and background clutter reduce landmark detection
accuracy.

4 Discussion:

The implementation validates that integrating Media
Pipe with LSTM is effective for real-time sign
Communication. The hybrid model captures spatial
and temporal patterns, making it superior to
conventional single-frame approaches. Real-time
mobile deployment proves feasibility for practical
communication aid applications.

5 Graphical User Interface Results:

Sign: No sign Detected
Gonfidence: 0.0

Stop and Exir

Fig. 2 Camera Interface and Gesture Prediction
output

Sign:
Confidence: 0.9802127

Fig. 3 Camera Interface and Gesture Prediction
Output
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IX.CONCLUSION

The proposed system successfully demonstrates the
implementation of a robust and efficient framework
for Deep Learning-based hand gesture recognition in
sign communication. By leveraging advanced Deep
Learning techniques and an LSTM-based recurrent
architecture, the system effectively captures both
spatial and temporal characteristics of gesture
sequences, enabling accurate and real-time
interpretation of sign language.

Hand landmarks are accurately extracted using
Media Pipe, while an LSTM network effectively
models temporal dependencies to classify gestures
with high precision. The mobile application provides
immediate text and speech outputs, facilitating
communication for users with speech impairments.
Experimental results indicate that the integrated
framework delivers robust and reliable performance,
validating its suitability for real-world assistive
communication applications and  real-time
deployment in environments for the hearing- and
speech-impaired community.

This system demonstrates that lightweight deep
learning models can operate efficiently on mobile
devices without relying on cloud services.
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