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Abstract—— Communication barriers between the hearing demand for assistive technologies that enable two-way

and speech-impaired community and the general population
remain a significant social challenge. To bridge this gap, this paper
proposes an end-to-end translation tool that converts spoken audio
into Indian Sign Language (ISL) using a combination of Natural
Language Processing (NLP) and Convolutional Neural Networks
(CNNs). The system captures real-time audio input, transcribes it
into text using a speech recognition engine, and processes the text
through NLP techniques including tokenization, stemming, stop-
word removal, and syntactic restructuring tailored to ISL
grammar. Each processed word is mapped to a corresponding
gesture representation rendered by a CNN-based model trained
on Indian sign gestures. The output is presented through an
animated avatar or gesture video, enabling real-time, accurate,
and contextually meaningful ISL translation.

The proposed tool is capable of operating in real-time and
demonstrates high accuracy in translating conversational English
sentences into ISL. The solution aims to promote accessibility and
inclusivity, particularly in education, healthcare, public
administration, and customer service sectors where hearing-
impaired individuals often face communication hurdles. It can also
serve as an educational resource for learners and families of the
deaf community. With its modular design, the system can be
extended to support other regional sign languages and improved
further through avatar integration and Al-driven contextual
analysis.
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I. INTRODUCTION

Communication is a fundamental human right and a key to
participation in society. For individuals with hearing or speech
impairments, sign language serves as a primary medium of
expression [1]. Despite technological advancements, a major
communication gap still exists between the deaf community
and hearing individuals, particularly in public, educational, and
healthcare environments [2].

While many systems have been developed to convert sign
language into text or speech [3], tools that translate spoken
language into sign language remain limited. This one-way
communication design hinders inclusive interaction and often
leads to dependency on interpreters. With the increasing
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communication, the need for real-time speech-to-sign language
translation tools has become more pressing [4].

Indian Sign Language (ISL) is the standard sign language
used by the hearing-impaired community in India. However,
due to the lack of widespread support and educational
resources, ISL users face challenges in accessing mainstream
services [5]. To address this, the proposed Audio to Sign
Language Tool is developed to capture spoken English, process
it using NLP techniques, and render the output using ISL-
compatible signs through video clips or avatars.

By leveraging speech recognition, grammar normalization
for ISL, and video-based sign rendering, this system empowers
hearing-impaired users to better understand spoken content
without human assistance. The tool promotes accessibility,
supports independent communication, and opens pathways for
integration into schools, workplaces, and government services

[6].

The proposed system captures spoken language using a
speech-to-text engine and processes the resulting text using
NLP techniques such as tokenization, stemming, and
grammatical transformation based on ISL linguistic rules. The
processed text is then mapped to corresponding gestures using
a CNN model trained on an ISL gesture dataset. These gestures
are rendered either as pre-recorded video clips or through an
animated avatar, ensuring a visually clear and accurate sign
language representation.

This work contributes to the field of assistive technologies
by offering a scalable, real-time solution that enhances
communication between the hearing and DHH communities.
Furthermore, the modular design allows future expansion to
support multiple Indian languages, emotional tone recognition,
and user-specific customization, thereby broadening the
system’s applicability across diverse social settings.

Here are the main goals :

e To develop a real-time audio-to-ISL translation
tool:
Create a system that captures spoken language and
instantly translates it into Indian Sign Language
gestures for effective communication.
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e To apply NLP techniques for linguistic adaptation:
Process the recognized text using Natural Language
Processing to restructure it according to ISL grammar,
which differs significantly from spoken English or
regional languages.

e To implement CNN-based gesture rendering:
Use a Convolutional Neural Network trained on Indian
Sign Language gestures to classify and render accurate
hand sign animations or video clips corresponding to
each translated word or phrase.

e To enhance accessibility for the DHH community:
Bridge the communication gap between hearing
individuals and those who are Deaf or Hard of Hearing
by providing a user-friendly, efficient, and inclusive
translation interface.

e To ensure modularity and scalability:
Design the system with a modular architecture to
support future enhancements like emotion detection,
multilingual inputs (e.g., Telugu, Hindi), and regional
ISL variants.

e To evaluate system performance in real-world
scenarios:
Test the system in various environments (educational
institutions, public services, etc.) to ensure robustness,
accuracy, and user satisfaction.

Il. RELATED WORKS

Over the past decade, significant research has been
conducted to facilitate communication for individuals with
hearing and speech impairments using sign language
technologies. Most of the existing systems focus on sign-to-text
or sign-to-speech conversion, while tools for translating spoken
audio into sign language are still in developmental stages.

Malchanov et al. proposed a sign language detection system
using skin tone segmentation and machine learning techniques.
Their approach primarily utilized the YCbCr color space for
accurate detection of American Sign Language (ASL) gestures
based on ethnic skin tone variations [1]. Similarly, Pigou et al.
explored 3D Haar-like features combined with Microsoft
Kinect sensor data to recognize static signs, demonstrating
improved accuracy compared to traditional 2D approaches [2].

Liu et al. designed a bilingual translation system capable of
converting Spanish speech into sign language and vice versa.
The system utilized an avatar to represent the gestures,
highlighting the potential of speech-to-sign frameworks [3].
Husang et al. worked on motion capture-based gesture
modeling, incorporating hand, finger, and facial motion for
Ukrainian sign language using a 3D modeling framework [4].

In India, sign language systems are less prevalent,
especially for real-time audio translation into Indian Sign
Language (ISL). Miao et al. introduced a CNN-based approach
incorporating cropped hand and mouth modalities for improved
accuracy in continuous sign recognition [5]. Lin et al. further
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enhanced performance by combining CNN and LSTM with
Connectionist Temporal Classification (CTC) loss, which is
effective for handling variable-length sequences in continuous
sign streams [6].

Nasri et al. proposed a lightweight mobile application for
recognizing static sign gestures using image histogram
comparison and BRIEF descriptors to minimize computational
load [7]. Yang et al. discussed a dual-module system translating
Spanish speech into signs and converting signs back to text and
speech, employing rule-based grammar alignment [8].

While these studies have made considerable progress in sign
language recognition and generation, few have explored real-
time audio-to-ISL systems with integrated NLP grammar
restructuring and CNN-based gesture rendering, which this
research aims to address.

Existing System:

The existing systems designed for aiding communication
with the Deaf and Hard of Hearing (DHH) community [9] are
largely focused on sign-to-text or sign-to-speech translation.
These systems use computer vision techniques, primarily
involving cameras or depth sensors, to recognize hand gestures
or body movements. Most of these models rely on algorithms
such as Convolutional Neural Networks (CNN), Support
Vector Machines (SVM), or Hidden Markov Models (HMM)
to interpret predefined static or dynamic sign gestures [10]. The
output is then converted into textual or spoken language for
communication with hearing individuals.

Proposed System

The proposed system is a vision-based interface designed to
translate hand gestures into text and speech, enabling
communication between individuals with hearing or speech
impairments and the general public. It uses a webcam to capture
hand gestures, processes the images using OpenCV, and
employs a Convolutional Neural Network (CNN) for gesture
recognition. The recognized gestures are converted into words
and then into speech using a text-to-speech library. To enhance
accuracy, the system includes specialized classifiers for similar-
looking gestures and an autocorrect feature to suggest correct
words. The interface is user-friendly, supports Indian Sign
Language (ISL) [11], and is adaptable to other sign languages
like ASL and BSL [12]. This tool promotes inclusivity and has
potential for future improvements like emotion detection and
multilingual support.

11l. PROPOSED METHODOLOGY
SYSTEM ARCHITECURE

The system architecture of the Audio to Sign Language Tool is
structured into several key modules to enable seamless audio-
to-gesture translation. It begins with audio input acquisition,
where spoken language is captured using a microphone. The
speech recognition module then converts the audio into text
using advanced natural language processing (NLP) techniques
such as tokenization, stemming, and stop-word removal. This
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cleaned text is passed to a sign language translation module,
where the grammar is adjusted to align with sign language
structure. Recognized words are matched with a gesture
database containing corresponding sign videos or animations.
The gesture display module then outputs these signs visually
through an animated avatar or video clips. Additional modules
handle gesture classification, ambiguity resolution using
secondary classifiers, and text-to-speech feedback to simulate
natural conversation. The architecture supports real-time
processing, modular updates, and future scalability to
accommodate multiple sign languages and context-aware
features.
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Fig 1.System Architecture

The proposed methodology involves converting
spoken audio into corresponding sign language gestures
through a series of well-defined steps. Initially, audio input is
captured using a microphone and processed using speech
recognition techniques to extract textual content. The
recognized text is then cleaned using natural language
processing (NLP) methods like tokenization, stemming, and
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stop-word removal. The processed text is restructured to match
the grammar rules of sign language, particularly Indian Sign
Language (ISL), which does not follow conventional sentence
inflections. Each word is then mapped to a pre-recorded video
or animated sign from a gesture dictionary. For words not
available, suitable synonyms are substituted. A Convolutional
Neural Network (CNN) is used to classify and recognize
gestures accurately, supported by additional classifiers to
handle visually similar signs. The final output is displayed as a
video stream or avatar animation, enabling real-time
communication between hearing and speech-impaired
individuals and the wider community.

Procedures

The proposed system transforms spoken audio into sign
language using a multi-stage pipeline involving speech
recognition, natural language processing (NLP), and gesture
classification via a Convolutional Neural Network (CNN). The
goal is to enable seamless, real-time communication for
individuals with hearing and speech impairments:

1. Speech-to-Text Conversion

Let the input audio signal be represented as a time-domain
function x(t)x(t)x(t). The signal is first converted to the
frequency domain using a short-time Fourier transform (STFT):

X(r,w):ffooo x(Ow(t — t)e @tdt

where w(t—1) is the window function. The output features
are fed into a speech recognition model R, vyielding the
recognized text T:

T=R(X)
2. Natural Language Processing (NLP)
The recognized text Tis preprocessed using a pipeline:

e Tokenization: Convert T into a sequence of tokens {
W1, Wy,..., Wn}

e Stopword Removal: Remove non-essential words
wi€S, where S is the stopword set

e Stemming: Apply a stemming function ¢(w) to obtain
the root form

W={dp(w i) | wi¢S}

This filtered and transformed set W is then reordered
according to Indian Sign Language (ISL) grammar rules.

3. Gesture Mapping

Each word weW is matched to a corresponding gesture
video Gy, from the gesture dictionary G:
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weg

w otherwise

B gesture(w),
~ | gesture(syn(w)),

where syn(w) returns a synonym of www from a synonym
dictionary.

4. Image Acquisition and Preprocessing

To train the CNN, a dataset D={(xi,yi)} is created, where
xiER128128 gre grayscale gesture images and y; are their labels.
Preprocessing involves:

e  Gaussian Blur: xi'=x;i*G,
e Thresholding: Binary mask Bi=1(xi">0)
5. Convolutional Neural Network (CNN) Architecture

The CNN classifier fo maps preprocessed images to gesture
labels. The architecture consists of:

e Convolutional layers Conv(x)=x*K+b
e Max-pooling: y=maxi jewindowXi
o Fully connected layers with dropout ppp

e Softmax output for classification:

- ‘-' ;:/

Y — arg imnax ( -
] ¢ ZK
J > k=1 e

6. Dataset Generation

A custom dataset of American Sign Language (ASL)
gestures was created using OpenCV, containing:

e ~800 training images and ~200 testing images per
symbol.

e Images are standardized to grayscale, 128x128 pixels,
and preprocessed using Gaussian blur and
thresholding.

7. Training and Optimization

The CNN is trained with cross-entropy loss minimized via
the Adam optimizer. SoftMax activation is used in the output
layer for multi-class classification. To prevent overfitting,
dropout layers are incorporated during training.

8. Output Generation

Recognized gestures are translated into text, which is then
converted to speech using the pyttsx3 library. This enables bi-
directional interaction and enriches user experience.

9. Error Correction
To enhance accuracy:

e AutoCorrect features suggest corrections for
detected words using the Hunspell_suggest library.

e A buffer-based threshold mechanism filters out noisy
predictions based on frame consistency.
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The proposed system effectively translates audio into sign
language using a CNN-based gesture recognition pipeline. It
ensures high accuracy and user-friendly interaction through
preprocessing, optimization, and error correction techniques.

IV. RESULTS AND DISCUSSION

1. Model Performance

The CNN model was trained on a custom ASL dataset
comprising 800 training images and 200 testing images per
symbol across 26 alphabet classes and 1 blank symbol. The
images were standardized to 128x128 grayscale with
preprocessing using Gaussian blur and adaptive thresholding.

e Training Accuracy: 98.4%

e  Testing Accuracy: 94.7%

e Loss (Cross Entropy): 0.11

e Validation Accuracy (5-fold CV): 93.6%

The results demonstrate the model’s strong ability to
generalize and classify real-time hand gestures accurately.

2. System Implementation and Dataset

The proposed Audio to Sign Language Tool converts spoken
English input to Indian Sign Language (ISL) video output using
a multi-stage architecture. To evaluate its effectiveness, the
system was tested on a custom dataset of 100 English sentences,
commonly used in daily conversation. A sign dictionary of 250
ISL video signs was developed to support the translation.

Table 1 outlines the five core components of the system. Each
module is responsible for a key stage in the translation from
audio input to ISL video output.

Table 1: Tool Components and Functional Description

Component Description

Speech-to-Text
Module

Converts spoken English to
text using speech recognition
API

Text Pre-processing
Module

Removes stop words and
applies stemming

Grammar Parsing Reorders sentence structure as

Module per ISL grammar rules
Dictionary Matching Matches words with sign
Module dictionary and replaces
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unknown words with
synonyms

Sign Language Output
Module

Displays ISL sign videos in
correct sequence

3. Confusion Matrix Insights

A confusion matrix analysis revealed that most signs were
correctly classified. However, similar-shaped signs such as D,
R, and U, and T, K, I, D showed occasional misclassification
due to overlapping gesture features.

To address this:

e Layer-2 Classifiers were implemented for these
groups, improving classification accuracy by 4-6%.

e An AutoCorrect feature based on Hunspell_suggest
further reduced word-level errors in real-time
translation.

4. Real-Time Gesture-to-Text Conversion

The real-time implementation achieved an average inference
time of 0.18 seconds per frame, ensuring seamless text and
speech output. The pyttsx3 library enabled accurate text-to-
speech conversion of recognized gestures, making the system
suitable for bi-directional communication.

5. Evaluation Metrics

The system was evaluated using three key metrics: translation
accuracy, user comprehension rate, and average execution time.

Table 2: Performance Evaluation of the Proposed System

Metric Description Value
Translation Percentage of | 91.3%
Accuracy correctly translated
sentences
User Percentage of signs | 88.7%
Comprehension | understood by ISL
Rate users
Avg. Execution | Time taken from | 2.8
Time input to ISL video | seconds/sentence
display (seconds)

Table 2 shows that the system performs efficiently and
accurately for most input cases, ensuring both technical
robustness and usability for the hearing-impaired community.
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6. Result Analysis

Translation was successful in most cases, but challenges were
encountered with rare words, background noise, and limited
dictionary entries.

Issue Description Impact
Unrecognized Some domain-specific | Medium  —
Rare Words words not found in | Synonym
dictionary used
Background Affected  speech-to- | High -
Noise in Audio | text accuracy Incorrect
Input input
Limited Some common signs | Medium —
Dictionary missing Lower
Vocabulary coverage
No Facial | Signs lacked emotion, | Medium
Expression or | reducing
Emotions expressiveness

Table 3 summarizes the key limitations identified during
evaluation. The system addressed many issues via fallback
strategies like synonym substitution, but further improvements
are needed for expressive sign rendering.

7. Impact of Error Correction

The buffer-based voting mechanism filtered out noisy
predictions, improving the sentence-level accuracy from 82%
to 91%. The AutoCorrect feature enhanced the recognition of
complex or misspelled words, especially in continuous gesture
input scenarios.

V. CONCLUSION

The proposed Audio to Sign Language Tool offers an effective
and user-friendly solution for converting spoken English into
grammatically accurate Indian Sign Language (ISL). By
integrating modules such as speech-to-text, text preprocessing,
ISL grammar parsing, and video-based sign output, the system
ensures both accuracy and usability. Unlike traditional word-to-
sign converters, this tool respects the linguistic structure of ISL,
improving the clarity and comprehension of translated
sentences. Testing on a diverse set of sentences resulted in over
91% accuracy and positive user feedback, indicating its strong
potential as a communication aid for the hearing and speech-
impaired community.

In the future, the tool can be enhanced by expanding
the sign video dictionary, integrating animated avatars for more
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and including facial

expression and emation recognition to reflect non-verbal cues
in ISL. Multilingual input support, real-time continuous speech
translation, and deployment as a mobile application would
further increase its reach and practicality. These improvements
would make the tool more inclusive, scalable, and suitable for
a variety of real-world applications such as education,
healthcare, and public services.
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