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Anuvadak: An Indian Sign language translator to text phrase and audio
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Abstract: - Objectives: To develop a versatile real-time sign language recognition system for individuals with
hearing, visual, and speech impairments. Thus bridging the communication gap and enabling their interaction
with general populace.

Methods: Utilized deep learning concepts like transfer learning with Inceptionv3 CNN architecture and NLP
models Pegasus paraphraser and Gramformer for gesture recognition and text generation. Applied transfer
learning for efficient training on a custom dataset, ensuring high accuracy and performance.

Findings: The Inceptionv3-based system achieved 92% training accuracy and 95% validation accuracy. The
integration of Gramformer enabled the generation of coherent text from recognized gestures. The system's output
includes Kannada text and audio, providing accessibility for diverse disabled communities. The findings align
with existing research on deep learning for sign language recognition, but our system uniquely offers curated
image processing techniques, real-time multilingual support and audio synthesis, enhancing communication
inclusivity.

Novelty: First to provide real-time sign language translation into Kannada text and audio, combining
advanced CNN(InceptionV3) and NLP models. The novel integration of these technologies allows for seamless
communication across different disabilities, fostering greater inclusivity.
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1 Introduction language. By harnessing the power of artificial
Effective communication[1], [2] is crucial for human 1nte111g§nc§ and machl-ne .learnmg, we aim  to
interaction, fostering connections, sharing thoughts, ~ revolutionize ~ communication  accessibility ~ for
and expressing emotions. However, differently abled individuals  with hearing impairments, thereby

individuals, especially those with hearing enhancing their quality of life and promoting

impairments, often face significant challenges due to ~ inclusivity in society. )

communication barriers. These barriers not only The core challenge lies in enabling seamless and
isolate individuals but also limit their participation in ~ effective communication for individuals with speech
various societal spheres. To address this critical issue, and hearl'ng impairments who rely on sign languagg as
this paper focuses on developing a transformative ~ their primary mode of expression. While sign
gesture-to-text-to-local-language translation system 1?nguage is rich and expressive, its u.nderstantzlmg 18
aimed at bridging the communication gap between ~ limited among the general population, leading to
differently abled individuals and the broader f:ommuplcatlon barriers and missed opportunities for
community. Interaction. .

The primary objective of our work is to leverage Our -research wgrk sgeks to fill this gap .by
deep learning techniques to create a robust system developing a real-time sign langugge recognition
capable of translating hand gestures into text phrases, system that can accurately interpret sign gestures and
followed by translation into Kannada, the local convert them into text and phrases comprehensible to
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both individuals proficient in sign language and those
unfamiliar with it. The subsequent translation into
Kannada further enhances accessibility and ensures
that communication is not only understood but also
culturally relevant and meaningful.

1.1 Objectives
A) Gesture Recognition and Translation:

Utilize advanced deep learning models based on
Inception architecture to accurately recognize and
classify a diverse range of sign language gestures.

Implement real-time processing capabilities to
translate recognized gestures into both text and audio
representations, facilitating immediate and effective
communication.

B) User Interface and Accessibility:

Design and develop a user-friendly interface using
principles of HCI, ensuring simplicity and
intuitiveness for users unfamiliar with sign language.

Create an aesthetically pleasing online interface
using HTML and CSS, featuring intuitive layouts,
clear navigation menus, and interactive tools for
gesture recognition.

Incorporate webcam capture functionality to
enable real-time gesture recognition, allowing users to
interact seamlessly with the system without external
hardware dependencies.

C) Social Impact and Inclusivity:

Conduct in-depth user studies and collaborate with
linguistic and cultural experts to ensure accurate
translation of sign language gestures into Kannada,
considering cultural nuances and sensitivities.

Engage with advocacy organizations and disabled
communities to validate the system's effectiveness in
fostering inclusivity, bridging communication gaps,
and promoting societal integration.

2 Literature Survey
[5] Presents a novel methodology for building a robust
sign language recognition system tailored for the ISL.
The authors address a critical need in bridging the
communication gap between speech-impaired
individuals and the general population, especially in a
diverse country like India where research in this
domain is limited.The authors adopt an innovative
approach by utilizing image data captured from a
webcam rather than relying on high-end technologies
such as gloves or Kinect sensors. This approach
enhances accessibility and reduces the cost associated
with specialized hardware, making sign language
recognition more practical and widely applicable.

The authors fails to handle following problems

1. Lack of detailed information on dataset diversity
and size. 2. Unclear scalability and generalization of
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the model. 3. Absence of comparison with existing
systems. 4. Inadequate information on real-time
performance and practicality. 5. Missing focus on user
interaction and interface design. 6. Insufficient
discussion on handling noisy environments. 7.
Limited exploration of ethical and accessibility
considerations.

Authrs[6] In their paper T. D. Sajanraj et al delve
into the domain of sign language recognition,
specifically focusing on numeral recognition within
the ISL context. The authors propose a methodology
centered around the Region of Interest (ROI-CNN) for
accurate numeral recognition. The authors begin by
acknowledging the importance of sign language
recognition systems in bridging communication
barriers for the hearing impaired community. Their
work aligns with the broader scope of assistive
technology and gesture recognition, aiming to
enhance real-time systems capabilities in interpreting
sign language gestures accurately. However the paper
lacks with following Dataset Diversity, Multi-modal

Integration, User Interaction and
Feedback,Robustness to Environmental Variations,
Real-time  System  Optimization, Long-term

Adaptation and Learning

The paper by Kartik Shenoy et al.[7] presents sign
language identification system that aims to bridge the
communication gap between hearing and speech-
impaired individuals and the wider society. The
authors address the limitations of existing solutions by
developing a system capable of recognizing hand
poses and gestures from ISL with high accuracy in
real-time, without the need for external hardware like
gloves or specialized sensors. Real-time Recognition:
Using a smartphone camera, the system records ISL
motions in real-time and sends the processed frames
to a distant server. This method guarantees prompt
and receptive acknowledgment, which is essential for
successful dialogue. Feature extraction: To recognize
and track hands, methods like face detection, object
stabilization, and skin color segmentation are used.
Accurate categorization is made possible by the
representation of hand poses as feature vectors
through the use of grid- based feature extraction.
Algorithms for Classification: The system achieves an
excellent 99.7% accuracy in static hand position
categorization using the k-Nearest Neighbors (k-NN)
algorithm. Hidden Markov Models (HMMs) are used
to analyze hand position sequences and motion for
gesture identification, with 97.23% accuracy for
predefined ISL gestures. The above said paper [7]
lacks Generalization to Diverse Gestures ,Robustness
to Environmental Variations, Real-time Processing
Efficiency.
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[8], [9] Authors surveyed various techniques for
sign language recognition. Where as authors [9]
explores techniques for Feature Extraction Methods.

[10] Gives nice explanation regarding
classification and feature extraction techniques for
sign language recognition.[11] Feature Extraction
Technique for Vision-Based Indian Sign Language
Recognition System. [12] Hakim exploring attention
mechanisms in integration of multi-modal
information for sign language recognition and
translation.Authors [13], [14] proposed computer
vision based system to detect sign language for a with
huge dataset. [15] Deepsign: Sign Language
Detection and Recognition Using Deep Learning.
[16], [17] The authors have identified many deep
learning techniques for sign language recogntion. [18]
proposed an approach Pose guided structured Region
Ensemble Network (Pose-REN) to improve accuracy
of estimation of hand pose.[19], [20], [21], [22]
authors discusses various methodlologies for sign
language.

3 Methodology

The methodology for this project involves a
systematic approach to developing a real-time sign
language  recognition  system that  bridges
communication gaps for individuals with hearing
impairments. The process begins with the collection
of a diverse custom dataset representing 55 different
sign language gestures as per the standards established

by All India Institute of Speech and
Hearing(AlISH), followed by rigorous data pre-
processing techniques including resizing,

normalization, augmentation, and skin detection to
enhance model robustness.

Utilizing transfer learning with the Inception V3
model, the system is trained and fine-tuned to
accurately recognize Indian Sign Language gestures.
Captured images are processed through this trained
model to predict gesture classes, which are then
translated into coherent text phrases in Kannada using
the Gramformer seq2seq model.

The user interface is designed to display the
translated text and provide audio playback, ensuring
an intuitive and accessible user experience. The
system's performance is thoroughly evaluated using
metrics such as accuracy, precision, recall, and loss to
validate its effectiveness and reliability.
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4 System Design

4.1 Dataset Collection:

We have collected a diverse custom dataset of sign
language gestures,ensuring representation across
various gestures, hand positions, andenvironmental
conditions covering 55 different signs.

e About Dataset: Dataset consists of sign
gestures obtained from specially abled students and
our team members as well.

e 55 classes of different sign language gestures
are being collected as a part of dataset collection.

e Dataset size is of 1600 images.

Web cam / File upload

web cam

.

Capture Photo

File Upload

U

to Model

Model Processing and Predicting Texts

enerating Text phrase

h 4

Translation and Audio Generation

Fig. 1: System Design Flow Chart

1. Input Module: Users provide input to the
system via a webcam or by uploading files containing
two images of sign language gestures.

2. Image Processing: The uploaded images
undergo pre-processing to enhance quality through
normalisation, regularization. This also includes
resizing for model compatibility and applying skin
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detection algorithms to accurately segment hand
regions.

3. Inception Model: The pre-processed images
are then fed into the deep learning model for the
detection and classification of sign language gestures.

4. Model Prediction: The model processes the
input images and predicts the corresponding sign
language gestures.

5. Text Generation: The recognized gestures
are translated into text phrases using a transformer-
based Gramformer model.

6. Translation Module: The generated text is
further translated into Kannada using google
translator API and audio output is synthesized with
gTTS to ensure comprehensive user understanding.

7. Output Module: The system displays the
translated text and provides an audio output in both
English and Kannada, facilitating user interaction and
accessibility.

5 System Implementation
The system implementation integrates two key
components:

The Inceptionv3d [19], [20] model for sign

language gesture recognition and the Gramformer
model for text generation. Initially, a diverse dataset
of sign language gestures is collected and
preprocessed, followed by training the Inceptionv3
model using transfer learning techniques. The trained
model is then utilized to predict sign gestures
accurately from uploaded or webcam-captured
images, achieving an impressive accuracy score of
94% and validation accuracy of 95%.
Upon gesture recognition, the system employs the
Gramformer model to generate text phrases
corresponding to the interpreted signs. This step
bridges the gap between recognized gestures and
linguistic expressions, enhancing communication
accessibility. Subsequently, the generated text is
translated into Kannada language text, and audio
synthesis techniques are applied to produce audio
outputs in Kannada. This multi-step approach ensures
that users not only receive textual translations but also
have auditory access to the translated content, catering
to diverse user needs.

The user interface facilitates seamless interaction,
allowing users to input gestures via webcam or file
upload. Real-time processing ensures immediate
feedback on gesture recognition and provides visual
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and audio cues for successful interpretation and
translation.

5.1 Algorithmic steps for implementation

A) Input Acquisition: Acquire input images either
through webcam capture or file upload.

B) Pre-process the input images:

e Enhance image quality and resize images to
the required dimensions for the model (e.g., 299x299
pixels).

e  Apply skin detection algorithms or filters for
hand region segmentation.

Image Processing - Skin Detection

1. Skin Color Detection using YCbCr Color Space:
Y = 0.299R + 0.587G + 0.114B
Cp = 128 — 0.169R — 0.331G + 0.500B
C, =128 + 0.500R — 0.419G — 0.081B
For skin detection, you can apply thresholds on C}, and C,:

1 if77<C,<127and 133 < C, <173

0 otherwise

Skin(Cs, C;) = {

Fig. 2: Skin detection pseudo code

Fig. 3: Image after skin detection and
processing

The skin region is segmented and skin
enhancement is performed through skin detection
algorithm and highlighting the skin in the below RGB
value range.

C) Sign Language Gesture Recognition (Model
Development):

InceptionV3 is a sophisticated convolutional
neural network architecture designed to optimize
computational efficiency while maintaining high
performance in image classification tasks.

This architecture employs a unique combination of
smaller convolutions and pooling operations,
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significantly reducing the number of parameters and
computational cost compared to traditional CNNss. Its
modular design, which includes inception modules
with multiple convolutional filters and pooling
operations, allows the network to capture diverse and
complex features at different scales.

@ Convolutional Layer [0 Mean Pooling Layer
) Max Pooling Layer

(D Concat

Fig. 4: InceptionV3 Architecture

To train the InceptionV3 model for sign gesture
recognition in our project, we leverage transfer
learning techniques on a carefully curated dataset. The
input shape of the image to model is (299, 299, 3),
aligning with the requirements of the InceptionV3
architecture. This architecture modification ensures
that the model processes input images of size 299x299
pixels with RGB colour channels. During training, a
final dense layer with 55 units and softmax activation
is added to the InceptionV3 architecture for multiclass
classification, where each unit represents a specific
sign gesture class.

Our trained model is then compiled using the
Adam optimizer and categorical cross-entropy loss
function to optimize model weights and measure
training progress based on accuracy metrics.

Table 1. Parameter values used in InceptionV3

Hyperparameters Value
Learning Rate 0.01
Batch Size 32
Number of Epochs 35
Optimizer Adam
Activation function Softmax
Dropout Rate 0.5

The Hyperparameters used in training the
InceptionV3 model are summarized in Table 1, and
the corresponding performance metrics are detailed in
Table 2. The chosen Hyperparameters, including a
learning rate of 0.01, a batch size of 32, and 35 epochs,
combined with the Adam optimizer and a dropout rate
of 0.5, facilitated efficient training and model
convergence. The activation function used was
Softmax, suitable for multi-class classification tasks.

Table 2. Parametric results of trained model
Metric Value
Training Accuracy 94%
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Validation Accuracy 95%
Precision 0.93
Recall 0.92
F1 Score 0.925
Training Loss 0.15
Validation loss 0.12

The model achieved a commendable training
accuracy of 94% and an even higher validation
accuracy of 95%, indicating robust generalization
capabilities. The precision and recall values, both
approximately 0.93 and 0.92 respectively, reflect the
model's high effectiveness in correctly identifying
sign language gestures. The F1 score of 0.925 further
consolidates the model's balanced performance in
terms of precision and recall.

The loss values, with training loss at 0.15 and
validation loss at 0.12, demonstrate effective learning
and minimal overfitting. The lower validation loss
compared to training loss suggests that the model is
not only fitting well to the training data but is also
performing better on unseen validation data.
Equations used in Model development

1. Loss Function: The cross-entropy loss
function is used to evaluate how well the model's
predicted probabilities match the actual sign language
gestures. The model outputs a probability distribution
over all possible gestures for each input image, and
the cross-entropy loss measures the divergence
between these predicted probabilities and the actual
gestures.

Cross-Entropy Loss Function:

N
Loss = — 3 _ y;log(d:)

i=1

Fig. 5: Equation for categorical cross entropy loss
function

2. Activation function: The softmax activation
function is applied to the output layer of the
Convolutional Neural Network (CNN) model
(InceptionV3). This converts the network's raw logits
into probabilities, indicating the likelihood of each
sign language gesture.

Fig. 6: Equation for softmax activation function

Volume 11, 2026



Anusuya M A, VaniHY et al.

3. Optimizers:

Gradient Descent is employed to minimize the
cross-entropy loss function during the training of
InceptionV3 and ResNet50 models. By iteratively
updating the weights, the models learn to recognize
and classify sign language gestures more accurately.

Adam optimizer is employed to train our deep
learning models InceptionV3 and ResNet50.Adam
optimizer calculates adaptive learning rates for each
parameter. It maintains and updates two moving
averages: the mean (first moment) and the uncentered
variance (second moment) of the gradients.

Adam Optimizer:

my = fime 1 + (1 — Bi)ge

v = Pove 1 + (1 — Bo)g}
P my
1-— 84

Fig. 7: Equation for Adam Optimizer function

4. Regularization metric: Dropout is applied to
intermediate layers of deep learning models like
InceptionV3 to prevent overfitting and improve model
robustness. By randomly dropping out neurons during
training, the model is encouraged to learn redundant
representations and dependencies, which enhances its
ability to generalize to unseen data.

1 h
Output = ; EBemoulli(p) +Neuron Quiput

i7l

where s the drapout protabity.

Fig. 8: Equation for dropout rate probability
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Inception Final Layer Code Snip:

Fig. 9: InceptionV3 model Dense layer code
and compilation with Adam optimizer and
categorical cross entropy loss function

D) Text Phrase
Gramformer Model):

Following successful gesture recognition, the
Pegasus, paraphraser and Gramformer model is
employed to generate textual phrase representations of
the interpreted sign gestures.

The Pegasus Gramformer model, a transformer-
based sequence-to-sequence model, is designed to
translate the visual cues identified by the InceptionV3
model into coherent text sentences. Its transformer
architecture enables the seamless joining of individual
gesture texts, forming meaningful sentences or
phrases.

The core of Transformer models is the self-
attention mechanism, which allows the model to
weigh the importance of different tokens in a
sequence.

Pegasus (Pre-training with Extracted Gap-
sentences for Abstractive Summarization) [21] is
designed for text summarization tasks. Its key
innovation lies in its pre-training objective, where
important sentences (gap sentences) are masked and
the model is trained to generate these sentences.

Generation  (Pegasus

Gap Sentence Generation:

Gap Sentence = ), score(s;) - s;

Where:

* 3, represents sentences in the document.

 score(s;) determines the importance of 8;.

Fig. 10: Equation for gap sentence generation
i.e., phrase generation in our context

Gramformer is a transformer-based model
specifically fine-tuned for grammatical error
correction (GEC). It leverages pre-trained language
models and fine-tunes them on GEC datasets.
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Seq2Seq Objective:
P(Y|X) = [Ty Plaelyss X)

Where:

o X is the input sequence.
* Y is the output sequence.

* 1, is the token at position ¢ in the output sequence.

Fig. 11: Equation for seq2seq grammatical fine
tuning i.e., grammar correction in our context

e Initialize and load the Pegasus and
Gramformer model for text phrase generation and
grammar correction.

e Convert the predicted classes or labels into
text representations of the interpreted signs using a
dictionary or mapping.

['bad’, 'drink']

 "The drink was bad.’
Fig. 12: Output after phrase generation and
grammar correction with paraphraser and
Grammar correction

E) Translation and Audio Synthesis:
e  We have utilised Google Translator API for
text translation from English to Kannada.
e Synthesize audio corresponding to the
translated text using GTTS (Google Text-to-Speech).

(uuid. uidd()) + " .no3

path. join(zpp. config

ER" ], audio_filename)

Fig. 13: Translation to text in Kannada and
audio translation to kannada and English
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F) Output Presentation:

e Displays the translated text along with the
original and processed images for user reference and
comprehension.

e  Provide audio output in Kannada for auditory
accessibility and user interaction.

G) User Interface (Web Interface):

e Implement a user-friendly web interface
using HTML, CSS, and JavaScript with sections for
webcam capture and file upload functionalities.

e Include clear instructions, progress
indicators, and error handling for smooth user
experience.

H) Integration and Testing:
. Integrate all components of the system (image
pre-processing, model prediction, text generation,
translation, and audio synthesis) into a cohesive
workflow.

e  Conduct unit tests and end-to-end testing to
ensure the system functions as expected across
different scenarios and inputs.

6 Results

The system along with the machine learning model
has been tested for its accuracy and parameters are
fine-tuned for improvement in recognition and
classification process.

The results of our research demonstrate the
effectiveness of the InceptionV3 model for sign
language gesture recognition. We compared the
performance of InceptionV3 and ResNet50 models,
evaluating their training and validation metrics with a
focus on learning rate, batch size, number of epochs,
optimizer, activation function, and dropout rate. The
comparative performance of these models is
summarized in the table below.

Table 3. Comparison of InceptionV3 and Resnet50
models results

Parameters InceptionV3 Resnet50
Learning Rate 0.01 0.01
Batch Size 32 32
Number of Epochs 35 35
Optimizer Adam Adam
Activation Function Softmax Softmax
Dropout Rate 0.5 0.5
Training Accuracy 94% 90%
Validation Accuracy 95% 90%
Prediction 0.93 0.90
Recall 0.92 0.89

F1 Score 0.925 0.895
Training Loss 0.15 0.20
Validation Loss 0.12 0.18
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Performance Analysis

The InceptionV3 model outperformed the
ResNet50 model across all metrics. The InceptionV3
model achieved a higher training accuracy of 92% and
a validation accuracy of 95%, compared to 90%
training and validation accuracy for the ResNet50
model. Additionally, InceptionV3 exhibited better
precision, recall, and F1 scores, highlighting its
superior capability in recognizing and classifying sign
language gestures. The lower training and validation
loss values for InceptionV3 also indicate a more stable
and efficient training process.

Conclusion on Model Selection

Given the superior performance metrics of the
InceptionV3 model, it was selected over the ResNet50
model for our sign language recognition system. The
high accuracy, precision, and recall of InceptionV3
ensure that the model can reliably translate sign
language gestures into text, thus facilitating seamless
communication through gesture recognition for
individuals with hearing impairments. The efficient
training process and reduced loss values further justify
the choice of InceptionV3 as the optimal model for
this application.

The following graphs illustrate the training and
validation loss versus accuracy for the InceptionV3
model over 35 epochs, highlighting its convergence
behaviour and effectiveness in learning the nuances of
the custom sign language dataset.

Loss vs Accuracy

40 1

30 4

20 A

10

0] e-e-e-—e-o-0-0--0-0-0-0-0-0-0-9

o 2 4 6 8 10 12 14

Fig. 14: Training set - Loss Vs Accuracy graph plot
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Loss vs Accuracy

| e-o-0--0-0-0-0-0-0-0--0-9-0-0--0-+

0 2 4 6 8 10 12 14

Fig. 15: Validation set - Loss Vs Accuracy graph plot

These graphs clearly show the training process,
with the InceptionV3 model achieving high accuracy
and low loss, indicating successful learning and
generalization from the training data. The stability and
performance of InceptionV3 make it an ideal choice
for real-time sign language recognition, ensuring
reliable and accessible communication for individuals
with hearing impairments.

Analysis of activation functions:

Given the nature of our project involving multi-
class classification and the need for interpretable class
probabilities (for gestures), “softmax” remains a
suitable function for the final layer of our neural
network model.

Analysis of learning rate (Lr):

Learning rate of 0.01 is a common starting point
for many deep learning tasks. It strikes a balance
between fast convergence and stable training. Higher
learning rates caused overshooting and prevented the
model from converging, while lower rates lead to slow
convergence or getting stuck in local minima.
Analysis of Epochs:

Training for 35 epochs indicates a sufficient
number of iterations to allow the model to learn
meaningful patterns from the data. The number of
epochs required depends on the dataset size, model
complexity, and the learning rate. Too few epochs
may result in underfitting, where the model fails to
capture the dataset's complexity. On the other hand,
too many epochs can lead to overfitting, where the
model memorizes the training data but fails to
generalize well to new, unseen data. By choosing 35
epochs, we have aimed to strike a balance between
these extremes, allowing the model to learn
meaningful representations without overfitting.
Determination of steps per epoch:
steps_per_epoch = total samples / batch size
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batch size is selected based on the available
dataset size of each of the sign classes.
Equations of Performance metrics used:

1. Accuracy:

Number of Correct Predictions

A_ N =
cotracy Total Number of Predictions
2. Precision:

. True Positives
Precision =

True Positives + False Positives

3. Recall:

True Positives
Recall= . — o -
True Positives + False Negatives

4. Fl1Score:

Precision x Recall

F1Score=2x ——————
core Precision + Recall

Fig. 16: Mathematical formulas used to calculate
result parameters

Sample Output:

HOME FILE WEBCAM Gt

Anuvadak

Fig. 17: Output of the system. The sign gestures are
recognised, text phrase is formed from two gestures
and text is translated to kannada and audio
translation option enabled

7 Future Work

Our future work aims to expand and enhance the
capabilities of the sign language recognition system
through the following aspirational aspects:

1. Multi-Language Support: Develop and
integrate support for multiple languages to cater to a

broader user base, ensuring inclusivity and
accessibility for diverse linguistic communities.
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2. Language Modeling for Specific Signs:
Implement advanced language modeling techniques
tailored to specific signs, improving the contextual
accuracy and fluency of translated text phrases.

3. Motion Recognition through Video Input:
Extend the system's functionality to include real-time
motion recognition of signs using video input,
capturing the dynamic nature of sign language
gestures.

4. Integration with Wearable Devices:
Explore the integration of the recognition system with
wearable devices, providing users with seamless and
portable communication aids.

5. Ethical and Privacy Considerations:
Address ethical and privacy concerns related to the
dataset used, ensuring that data collection and usage
comply with stringent ethical standards and protect
user privacy.

6. Creation of a Standard Benchmark
Dataset for Indian Sign Language: Contribute to the
development of a comprehensive and standardized
benchmark dataset for Indian Sign Language,
facilitating research and development in this domain.

These future directions reflect our commitment to
advancing sign language recognition technology and
promoting inclusive communication solutions for
differently-abled individuals.

8 Conclusion
This research presents a pioneering approach to
addressing communication barriers faced by

individuals with hearing impairments, leveraging
advanced deep learning and natural language
processing techniques. Our comprehensive system,
integrating the InceptionV3 model for sign language
recognition, the Gramformer model for text
translation and Google’s gTTS audio translation
module effectively transforms sign language gestures
into textual and auditory outputs in Kannada. The
empirical results, illustrated through rigorous testing
and validation, demonstrate the InceptionV3 model's
superior performance, with high accuracy, precision,
recall, and F1 scores, significantly outperforming the
ResNet50 model.

The methodology employed, including extensive
dataset collection, sophisticated data pre-processing,
and the application of transfer learning, has proven to
be robust and efficient. The deployment of an intuitive
user interface ensures accessibility and ease of use,
facilitating seamless interaction for differently abled
individuals. Our system not only enhances
communication but also promotes inclusivity and
integration within society, addressing a critical need
for those with hearing and speech impairments.
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Future work is focused on expanding the system's
capabilities, including support for multiple languages,
motion recognition through video input, and
integration with wearable devices. Additionally,
ethical and privacy considerations will be
meticulously addressed, and efforts will be made to
establish a standard benchmark dataset for Indian Sign
Language. These enhancements aim to further
improve the system's utility and impact, fostering a
more inclusive and accessible communication
landscape. In conclusion, our research significantly
contributes to the field of assistive technology,
demonstrating the potential of Al and machine
learning to bridge communication gaps and empower
individuals with disabilities. This work not only lays
the foundation for future advancements in sign
language recognition but also underscores the
importance of inclusive technology in creating a more
equitable society.
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