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Abstract—Speech-impaired individuals are facing significant
challenges in social interactions due to the lack of widespread
knowledge of sign language among the general population. To
address this issue, this research proposes a real-time commu-
nication system that leverages Graph Neural Networks (GNNs) to
translate hand gestures into meaningful sentences, thereby
bridging the communication gap between normal people and
broader population effectively. The system captures live video
of hand gestures using a webcam, pre-processes the images to
enhance quality, and utilizes GNNs to classify graph-structured
data, ensuring efficient and accurate gesture recognition. The
recognized gestures are then converted into coherent sentences
using Natural Language Generation (NLG), with the final out- put
delivered as synthesized speech through a speaker. Unlike
traditional hand gesture recognition systems that often translate
gestures into isolated words, this system focuses on generating
meaningful sentences, enabling natural and seamless commu-
nication. By integrating advanced techniques like GNNs for
structured data processing and NLG for sentence formation, this
proposed solution offers a significant improvement over existing
methods, fostering inclusivity and enhancing the quality of life for
speech-impaired individuals.

Index Terms—Hand gesture recognition, graph Neural Net-
works, natural language generation, real-time communication,
sign language translation, Indian Sign Language, assistive com-
munication.

|l. INTRODUCTION

Communication is a fundamental human need, yet speech-
impaired individuals often struggle to engage in meaningful
interactions due to the widespread lack of sign language
proficiency among the general population. This communi-
cation barrier significantly limits their ability to participate
in social, educational, and professional settings, leading to
feelings of isolation and exclusion. The challenge is further
compounded by the reluctance of many to learn sign language,
leaving speech-impaired individuals with few options to bridge
this gap. According to a 2024 World Health Organization
report, approximately 430 million people globally suffer from
communication disorders, yet fewer than 10% have access to
suitable assistive technologies. Recognizing the critical need
for an inclusive and efficient solution, this research proposes a
real-time communication system that leverages Graph Neural
Networks (GNNSs) to translate hand gestures into meaningful

sentences, enabling more natural and accessible communi- cation.
GNNs, known for their ability to process complex graph-structured
data, ensure accurate recognition of intricate gestures, while a
Natural Language Generation (NLG) module converts these
recognized gestures into coherent sentences. The system employs
a webcam to capture live hand gestures, preprocesses the data to
enhance recognition accuracy, and delivers the output as
synthesized speech. By integrating advanced machine learning and
natural language processing methods, this work addresses the
critical communication chal- lenges faced by speech-impaired
individuals, fostering inclu- sivity and providing a practical,
scalable solution to improve their quality of life.

Il. RELATED WORKS

In [1], The authors implemented a system where high- resolution
cameras were strategically placed near hive en- trances to capture
real-time video footage of bees as they entered and exited the hive.
The researchers were able to identify individual honey bees,
marked and unmarked, through the use of image recognition and
tracking algorithms. This allowed for the extraction of
comprehensive behavioral data, such as feeding habits, hive
congestion, and interactions be- tween bees. Convolutional neural
networks (CNNs) were also used by the scientists for position
estimation, which allowed for the accurate identification of bees
bearing barcodes and the recognition of specific body sections of
honey bees. The limitations of manual monitoring techniques were
overcome by this automated monitoring system, which allowed for
on- going, non-invasive observation and gave researchers a deeper
understanding of bee behavior. Though this technology is excellent
at tracking internal hive activities, it has a major drawback in that
it isn’t made to ward against outside dangers to the hive or shield
the queen bee from predators. Hive security is not the major
objective but behavioral monitoring is still the main goal.

In hand gesture recognition and voice conversion for deaf and
dumb [2], the authors developed a hand gesture recogni- tion
system aimed at facilitating real-time communication for
individuals who are deaf or mute by translating hand gestures into
text and audio. The approach integrated Google’s Medi- aPipe
framework with TensorFlow and OpenCV to detect hand
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landmarks and classify gestures. The system consisted of three
core components: capturing frames, detecting hand landmarks,
and classifying gestures. For classification, the authors used
a feed-forward neural network built with Keras, alongside
an LSTM model to handle dynamic gestures and improve
recognition accuracy. The system was trained to recognize ten
gestures, achieving an accuracy rate of 95.7%. Pre-trained
models were employed to extract features, which reduced
the need for large-scale data collection. The results showed
strong performance in varied lighting and backgrounds, but the
confusion matrix indicated some mis-classification of similar
gestures. Although the system performed well with static ges-
tures, it faced challenges in handling dynamic sign languages.
Despite this, the proposed system provided a practical solution
for accessible communication by combining hand tracking with
neural network-based gesture classification.

In a recent study Alphabet Recognition of Sign Language
Using Machine Learning [3], the researchers set out to create
an efficient system for recognizing sign language alphabets
using advanced deep learning techniques. They utilized the
Inception V3 Convolutional Neural Network (CNN) model and
employed transfer learning on a comprehensive dataset of sign
language gestures, with a focus on both Indian and Amer- ican
Sign Language alphabets. This dataset, obtained from Kaggle,
featured around 1200 images per letter, accounting for
variations in hand positioning and orientation. The researchers
applied several pre-processing steps, including segmentation
and feature extraction, to enhance the image quality before
feeding them into the model. As a result, the system achieved
a high recognition accuracy of 98.99%, surpassing previous
models, particularly in recognizing challenging letters such as
”C,” ”L,” and ”’Y.” Additionally, the system was combined
with a text-to-speech module, allowing for real-time conver-
sion of recognized signs into spoken words. However, the
system’s scope was limited to single-letter recognition, and
future enhancements are suggested to expand its capabilities to
complete words or full sentences. This work highlights the
effectiveness of using the Inception V3 model and a robust
dataset for developing sign language recognition sys- tems
aimed at supporting individuals with hearing and speech
impairments.

A network of interconnected sensors and devices within and
around the hive is deployed as part of the technological
implementation of the Internet of Things (10T) concept for bee
colony monitoring, as described by Anatolijs Zabasta [4].
These sensors continually gather information on the internal
and exterior parameters of the hive. They are outfitted with
features like temperature, humidity, sound, and weight track-
ing. The gathered information is subsequently sent in real- time
using wireless communication protocols like Wi-Fi or
LoRaWAN to a centralized cloud-based platform. Advanced
analytics and machine learning algorithms are probably used on
the cloud platform to evaluate the data and provide information
on the behavior, health, and possible stresses of the hive.
Actuators for automatic interventions, such as modifying
environmental parameters or sending notifications

to beekeepers in the case of irregularities, may also be in-
corporated into the Internet of Things system. This approach aims
to improve beekeeping practices and contribute to the general
health and sustainability of honey bee populations by developing
and integrating hardware and software components into a strong
and scalable Internet of Things infrastructure for colony
monitoring. This method’s drawback is that, despite its extensive
monitoring capabilities, it might not be able to handle any threats
from predators or the outside environment that could jeopardize
the colony’s health and safety.

In order to collect and capture the acoustic signals generated by
the colony, S. Ferrari investigated the placement of audio sensors
strategically inside the hive. He specifically concen- trated on
noises that are typical of pre-swarming activity [5]. After that, the
gathered audio data is sent to a centralized processing unit, where
it may be combined with machine learning algorithms intended to
discern between swarming noises and other hive sounds. To
improve accuracy, a dataset of recognized swarming
occurrences  may be wused to train the algorithm. By
continuously analyzing the acoustic data, patterns that point to an
approaching swarm may be identified early and beekeepers can
receive timely notifications. By enabling proactive management
methods during the crucial swarming phase, this non-invasive and
automated strategy en- hances colony retention and overall
beekeeping efficiency. The swarming monitoring system makes
use of cloud computing, wireless connectivity, data storage, alarm
systems, and aural sensors. This method’s small drawback is that
it could miss certain important hive activities or environmental
elements that could alter swarming behavior, which could have an
impact on the monitoring system’s overall efficacy.

I1l. METHODOLOGY

The methodology begins by converting hand gesture images
into structured graph representations using OpenPose, which
detects key hand joints such as fingertips, knuckles, and the wrist.
These key points are then used to construct a skeletal graph,
which is processed by a Graph Neural Network to classify
gestures into corresponding words. The recognized words are
refined into grammatically correct and coherent sentences using
TextBlob, ensuring linguistic accuracy. The generated text is then
converted into speech using text-to- speech technology, enabling
verbal communication. This struc- tured process effectively
bridges hand gestures and spoken language, facilitating seamless
interaction. The methodology consists of 4 major steps.They are

A. Graph Structure Generation

This step focuses on converting hand gesture images into
graph-based representations to allow the GNN (Graph Neural
Network) to interpret the data effectively. The purpose is to
simplify the data by highlighting key structural features like joint
positions, which helps in reducing complexity and enhancing
model performance. OpenPose, a pose estimation

JETIR2508213 \ Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \

c83


http://www.jetir.org/

© 2025 JETIR August 2025, Volume 12, Issue 8

www.jetir.org (ISSN-2349-5162)

method, is used to extract key points such as finger tips, knuck-
les, and the wrist. These points serve as nodes, while the links
between them form edges, creating a skeletal representation of

the hand. The process takes a preprocessed hand gesture image
as input and produces a graph structure as output, which will

be fed into the GNN in the subsequent phase of the hand
gesture-to-speech project.
The skeletal structure of hand gestures was obtained using

OpenPose, which identifies key points such as the wrist,
knuckles, and finger tips from input images. These key points
were connected according to the anatomical layout of the hand,
forming a graph representation. The method involved
determining the (x, y) coordinates of each joint and connecting
them with edges to outline the skeletal framework. OpenPose
employs part affinity fields (PAFs) to accurately predict both
the positions of key points and the connections between them,
enabling the generation of precise graph structures for further

analysis with GNNs.
Part Affinity Fields (PAFs):

N
=
flx) = b&(x—xi) - v @)
i=1
Words
%, - GNN model
Camera Hand signs
''''
<)
Sentence
Speaker

Language model

Fig. 1. Proposed System Workflow

B. Graph-Based Hand Gesture Classification

In this phase, a Graph Neural Network (GNN) was trained to
classify hand gestures by processing the graph representations
created earlier. The GNN takes in a graph where nodes
represent the key points of the hand, and edges capture the
relationships between these points. Graph convolutional layers
were used to update node features by aggregating information
from neighboring nodes, allowing the model to capture the
spatial structure of the hand gesture. At the output layer, a
softmax activation function was employed to predict the class
of the gesture. During training, labeled graph data was used,
with each gesture corresponding to a specific label. The
model’s objective was to minimize the cross-entropy loss,
which was optimized using backpropagation. This process
allowed the GNN to learn the underlying patterns in the

gesture graphs, enabling it to classify new, unseen gestures
accurately.
Graph Convolution Update:

h; +b * (2)
where:

. hl(k”) is the updated feature of node i at the (k + 1)-th
layer,

- N (/i) represents the set of neighboring nodes of node /,

. W js the learnable weight matrix at layer k,

- ¢jj is a normalization factor for edge i,

. b is the bias term at layer k,
o is an activation function.

Softmax Function:

EXQ!Zk!

ply=kl|x)= g ©))
j=1exp(z)

where:

. ply = k| x) is the probability of input x belonging to
class k,
-z is the score (logits) for class k,
K is the total number of possible gesture classes.
Cross-Entropy Loss:
X

L=—- yrlog(ply =k|x))
k=1

4

where:

- yk is the true label for class k (1 if the class is correct,
0 otherwise),
- ply = k| x) is the predicted probability for class k.

C. Gesture-to-Sentence Conversion

In this phase, the individual words derived from the Graph
Neural Network (GNN) are transformed into complete sen-
tences using TextBlob, a Python-based library for natural lan-
guage processing. Once the GNN classifies each gesture into a
corresponding word, these words are passed through TextBlob
to form coherent sentences. TextBlob provides several features
such as part-of-speech tagging, word inflection, and noun
phrase extraction, which help in generating grammatically
correct and contextually appropriate sentences. The words are
processed in sequence, allowing TextBlob to apply linguis- tic
rules to structure them into fluent sentences. This step
effectively converts isolated gesture words into well-formed
sentences, making it possible to output them as either text or
speech for seamless communication. TextBlob handles tasks
like correcting the tense of verbs, adjusting plural forms, and
ensuring the overall structure aligns with standard grammar
rules. The model also accounts for syntactic consistency,
ensuring that subject-verb agreement is maintained throughout
the sentence. After generating a grammatically sound sen-
tence, the output is then ready for further processing, such

JETIR2508213 \ Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \

c84


http://www.jetir.org/

© 2025 JETIR August 2025, Volume 12, Issue 8

www.jetir.org (ISSN-2349-5162)

as converting it into speech or displaying it as text. This entire
process enables a seamless transition from isolated gesture
words to meaningful sentences that can be used for
communication, providing an essential step toward making
gesture-based interaction more intuitive and natural.

D. Speech Generation

In this final step, the sentences generated from the gesture-
to-sentence conversion process are transformed into speech
or audio output using Text-to-Speech (TTS) technology. This
technology takes the generated text and converts it into spoken
language. The process involves feeding the text into a TTS
system, which synthesizes the corresponding phonetic and
prosodic features, such as intonation, rhythm, and pitch, to
produce a natural-sounding audio output. Popular TTS sys-
tem, Google Text-to-Speech, employ advanced deep learning
techniques to create clear and expressive speech that mimics
human vocal patterns. By converting the generated sentences
into speech, this step allows the system to provide a voice-
based interface for users, making it easier for individuals to in-
teract with the system using spoken language. This conversion
is particularly useful in making sign language communication
more accessible to a wider audience.

IV. ALGORITHM

The presented methodology is a comprehensive system
aimed at enabling speech-impaired individuals to communicate
effectively by translating hand gestures into spoken language.
It includes several stages, starting with the extraction of skeletal
key points from hand gestures and their conversion into graph-
based representations. These graphs are then pro- cessed using
a GNN model to classify the gestures, followed by sentence
formation through natural language generation (NLG). Finally,
a text-to-speech (TTS) module converts the generated
sentences into audible speech. This approach en- hances
accessibility and provides a practical solution for real- time
communication in various everyday situations.

Gesture Recognition and Speech Generation System -1 0
textbf

INPUT: Hand gesture images captured from a camera or
dataset

OUTPUT: Generated speech or sentence

Step 1: Set parameters for gesture classification model (e.g.,
GNN) and speech generation

Step 2: Data Pre-processing

Step 2.1: Apply OpenPose for skeleton detection and
extraction of key points (e.g., wrist, knuckles, fingertips)

Step 2.2: Convert detected key points into graph
structures, representing joints as nodes and connections as
edges

Step 3: Model Training for Gesture Recognition

Step 3.1: Train the GNN model on the gesture dataset

to classify hand gestures
Step 3.2: ReLU activation function: f(x) =

max(0, x)

Step 3.3: Apply graph convolutional layers to learn
gesture-specific features

Step 3.4: Loss function for classification: L = — = y-
log(y") (cross-entropy loss)

Step 4: Sentence Generation

Step 4.1: Input isolated words (e.g., from GNN
output) to the NLG system
Step 4.2: Use TextBlob or alternative method for
sentence construction
Step 5: Speech Generation

Step 5.1: Use Text-to-Speech (TTS) system to convert
generated sentence to speech
Step 5.2: Output speech via speaker or audio device

V. RESULTS AND DISCUSSION

The model was evaluated using a variety of hand gesture
inputs, with the results demonstrating robust performance in
both gesture classification and sentence formation. The Graph
Neural Network (GNN) model achieved a classification accu-
racy of 90%, showcasing its capability to accurately interpret
the hand gestures. Once classified, the words were processed
by TextBlob, which successfully generated sentences in most
cases. However, some minor errors were observed in the sen-
tences due to the inherent limitations of TextBlob in handling
complex sentence structures and context. Despite these small
inaccuracies, the system effectively translated gesture-based
words into coherent sentences.

These results indicate that the combination of the GNN for
gesture classification and TextBlob for sentence generation
provides an efficient and reliable solution for gesture-to-
text conversion. The model’s high accuracy and the overall
quality of the generated sentences affirm the feasibility of
this approach for real-time applications, enabling effective
communication through gesture-based inputs.

Fig. 2. Hand Gestures Input

This system provides a valuable solution for individuals with
speech impairments by converting sign language gestures
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Your Picture is Good

Fig. 3. Sentence Output

Hand sign Images

* Your Picture 1 foud

Conveyable sentences

Fig. 4. Overall Conversion Mechanism

into sentences and generating speech. In social settings, it
enables non-verbal individuals to communicate directly with
others without the need for an interpreter. In professional
contexts, the system allows speech-impaired people to partici-
pate in conversations and meetings, supporting their inclusion.
Additionally, in public environments, it enhances their ability to
interact with services, increasing independence. By offering real-
time gesture-to-speech translation, the system helps elim- inate
communication barriers, making interactions smoother. In
essence, it promotes a more inclusive environment for
individuals with speech impairments.
VI. CONCLUSION AND FUTURE WORK

The project, ”Communication System for Speech-Impaired
People Using Graph Neural Networks,” successfully demon-
strated its capability to classify hand gestures and convert them
into coherent sentences with 90% accuracy. By employ- ing
Graph Neural Networks (GNN) for gesture recognition and
TextBlob for sentence formation, the system effectively bridges
the gap between sign language gestures and speech, enabling
speech-impaired individuals to communicate. This solution
enhances accessibility in both social and professional
environments, fostering greater inclusivity for individuals with
speech impairments.

Looking ahead, future developments will focus on creating a
more advanced language model to generate sentences from
isolated words produced by the GNN. This model will aim to
provide better compatibility and accuracy compared to TextBlob.
Additionally, the project will work on improving the Text-to-
Speech (TTS) system to produce more natural- sounding speech.
To further enhance user experience, a mobile application will be
developed, facilitating real-time gesture- to-speech interaction,
thereby supporting speech-impaired in- dividuals in a wide range
of contexts and contributing to a more inclusive society.
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