© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002

Sign Language Recognition Using Deep Learning
Approach

Dr.K. Padmaja Devi!, N. Teja?, N. Balaji Nayak®, N. Pavan*
Professor, Dept. of ECE, TKR College of Engineering and Technology.
234 Student, Dept. of ECE, TKR College of Engineering and Technology.

Abstract— This project is about Sign Language
Recognition using Deep Learning Approach. Sign
language is a method of communication that use hand
gestures between people with hearing loss. Each hand
sign represent one unique meaning, but several terms
don't have sign language, so they have to be spelled
alphabetically.

This allows the user to communicate using hand sign
postures to recognize different gestures based on signs.
The controller of this assistive device is developed to
process images of gestures by employing various image
processing techniques and deep learning models to
recognize the signs.

The proposed system would be a real-time system
where live sign gestures are processed using image
processing techniques. The system uses deep learning
based on a CNN architecture implemented with
TensorFlow.

I. INTRODUCTION

Sign language is a vital means of communication for
people with hearing and speech disabilities. In
contrast to other spoken languages, sign language is
based on a mix of gestures from the hands, facial
expression, and body attitude to define words,
emotions, [1] and context. Being extremely effective
amongst those well-acquainted with it, sign
language becomes a problem when communicating
with the general population, where there is no
knowledge of sign gestures. This communication
disparity poses social, educational, and career
obstacles for millions of individuals worldwide.

In recent years, the area of Artificial Intelligence
(Al), more specifically Deep Learning, has
showcased dramatic advancements in visual
recognition.  Convolutional Neural = Networks
(CNNs) [1][2], a type of deep neural network, have
been identified as an influential tool for image
classification and object detection. These features of
CNNs are especially well suited for real-time
recognition of hand signs and gestures. Building on
this technology, our project will create a Sign

Language Recognition (SLR) system based on
TensorFlow, an open-source Al framework built by
Google.

The objective of this project is to develop a vision-
based system that can recognize and interpret static
hand gestures recorded using a webcam. The
gestures are processed with image preprocessing
methods from OpenCV to improve image quality
and separate the region of interest.

The enhanced images are then fed into a trained
CNN model developed with TensorFlow [12][14]
and Keras, which identifies the gestures and
converts them into text or synthesized speech
output.

This framework obviates the use of costly and
obtrusive hardware like data gloves or depth
sensors, providing an inexpensive, readily
deployable substitute. Focusing on accessibility and
scalability, it can be employed on laptops or mobiles
and further supported to include dynamic signs and
sentence-level recognition in subsequent releases.

Essentially, this project is a significant step towards
inclusive technology that empowers the hearing-
impaired community. Through the offer of a
functional, real-time solution, it promotes enhanced
independence and engagement in daily interactions,
closing the communication divide between the
world of the hearing and the hearing-impaired.

Motivation

Effective communication is an inherent part of
human interaction. For people with hearing or
speech disabilities, sign language becomes an
essential means of communicating thoughts and
feelings. Yet, because of the absence of widespread
acceptance and support for sign language from the
general population, deaf or hard-of-hearing
individuals often encounter serious barriers in
education, employment, healthcare, and general
social interactions.
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According to global health statistics, over 5% of the
world’s population approximately 430 million
people have disabling hearing loss, with that number
projected to rise. In India alone, an estimated 63
million people experience significant auditory
impairments, and about 4 in every 1000 children are
born with severe to profound hearing loss. Despite
this substantial demographic, there remains a
shortage of interpreters, resources, and awareness
related to sign language accessibility.

This is an area where technology can make a
significant difference. The driving force for this
project stems from the aspiration to utilize deep
learning and computer vision to bridge the hearing
and non-hearing communities. By developing a real-
time sign language recognition system, we hope to
decrease the reliance on human interpreters and
offer a more independent mode of communication
for the hearing-impaired.

Our solution aims to be affordable, accessible, and
flexible. Most current assistive technologies involve
wearable sensors or costly hardware, which makes
them out of reach for much of the population,
especially in developing countries. With just a
standard webcam and open-source software such as
TensorFlow [12][14], we can make this technology
accessible to more people, including students,
teachers, healthcare professionals, and relatives of
deaf individuals.

In addition to its functional usefulness, this project
is motivated by a vision of social inclusion. It aligns
with the greater ambitions of the United Nations
Sustainable Development Goals (SDGs) in quality
education, decreased inequalities, and innovation.
Enabling people with hearing loss to take a fuller
place in society is not merely an engineering
challenge it is a matter of moral and social
obligation.

Il. DESIGN PROCEDURE/ METHODOLOGY

The development of a real-time sign language
gesture recognition system involves a systematic
approach combining image processing, machine
learning, and real-time data handling. The
methodology is outlined as follows:

The process begins with defining the objective of
the system to recognize hand gestures from a
predefined sign language (such as American Sign
Language) using a camera and convert them into
textual output in real time. The primary actor in this
system is the user who performs hand gestures,

which are captured and interpreted by the system.
To ensure effective functionality, the system must
meet several prerequisites: a working camera
connected to the system, appropriate software
installations, and a pre-trained recognition model
already loaded into the environment.

Once initialized, the system workflow begins with
the acquisition of the gesture using a camera. The
user performs a hand gesture in front of the camera,
and the device captures an image or video [19]
frame of the gesture. This raw input image forms the
foundation for the rest of the processing.
The captured image undergoes pre-processing to
improve quality and enhance features critical for
recognition. This stage includes operations such as
resizing to a fixed resolution, background removal
to isolate the hand, noise reduction to smooth out
distortions, histogram equalization to improve
contrast, and color space conversion (commonly to
grayscale) to simplify processing. The result is a
cleaner, standardized image ready for analysis.

Following this, the system proceeds to the feature
extraction phase. This is a crucial step where
meaningful characteristics are extracted from the
pre-processed image. Features may include contour
shapes, keypoints, orientation of the hand, and
positional coordinates. In more advanced systems,
deep learning methods like Convolutional Neural
Networks (CNNs) are used to automatically extract
robust features from the image, allowing the system
to capture more abstract and high-level patterns.

The extracted features are then fed into the gesture
recognition module. Here, a pre-trained machine
learning model, such as a Support Vector Machine
(SVM), k-Nearest Neighbors (KNN), or a deep
learning architecture like CNN or RNN, processes
the input. The model compares the features with
learned patterns in the training dataset and identifies
the most likely gesture being performed.

Once the gesture is recognized, the system produces
an output. This output can be in the form of text
displayed on a screen, which represents the
interpreted sign. Optionally, this text can be
converted to speech using a text-to-speech module,
making the system useful for communication in
assistive technologies.

To ensure usability and reliability, the system
includes error handling and feedback mechanisms.
If the hand is not detected properly, or the
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recognition confidence is low, the system prompts
the user to reposition their hand or repeat the
gesture. In cases of uncertainty, it may display a
message such as "Unknown Gesture."

Finally, all components image capture, pre-
processing, feature extraction, recognition, and
output are integrated into a cohesive workflow. The
system is tested under varying conditions such as
different lighting, hand shapes, and background
complexity. Evaluation is conducted using standard
metrics like accuracy, precision, recall, and
confusion matrices to ensure robust performance.

This end-to-end methodology ensures the accurate
recognition of sign language gestures in real time,
contributing toward bridging the communication
gap for the hearing and speech-impaired.

I11. IMPLEMENTED DESIGN
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Fig 1 Block Diagram

The image represents a Data Flow Diagram (DFD)
for a real-time Sign Language Recognition (SLR)
system. The process begins with a user performing a
hand gesture, which is captured by a camera. This
input image undergoes pre-processing steps such as
resizing, background removal, noise reduction, and
grayscale conversion to improve clarity.

Next, feature extraction is performed to identify key
elements like hand shape, contours, and orientation.
These features are then passed into a trained

machine learning model (e.g., CNN or SVM), which
recognizes the gesture by comparing it with known
patterns.

Finally, the recognized gesture is displayed as text
or a symbolic output, with options for speech or
logging. The system applies principles of computer
vision, pattern recognition, and supervised learning
to ensure accurate and efficient real-time gesture
recognition.

Softwares Description

e Python: A high-level, versatile programming
language widely used in Al and data science.

e TensorFlow: An open-source deep learning
framework developed by Google for building
and training machine learning models.

e OpenCV: A powerful open-source library for
real-time computer vision and image processing
tasks.

e NumPy: A fundamental Python library for
numerical computing, especially for handling
arrays and matrices.

e MediaPipe: A Google framework for building
cross-platform  multimodal  applied ML
pipelines, especially for hand and pose tracking.

e VS Code: A lightweight, open-source code
editor by Microsoft with robust support for
debugging and extensions.

e CVZone: A Python wrapper that simplifies
OpenCV tasks for computer vision projects,
especially with hand tracking.

e CNN (Convolutional Neural Network) [4]: A
deep learning architecture designed to process
and classify image data efficiently.

IV. RESULT & DISCUSSION

In this project, a real-time American Sign Language
(ASL) [3][71[17][18] recognition system was
developed using deep learning techniques. The
system was evaluated using three different models:
Convolutional Neural Network (CNN) [4], Gated
Recurrent Unit (GRU), and 1D Convolutional
Neural Network (ConvlD). The goal was to
determine the most effective model for recognizing
ASL gestures from static images.

The dataset consisted of 1,500 images, each
representing one of five different ASL gestures.
Each gesture had 300 images, and to improve model
generalization, data augmentation techniques such
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as rotation, zooming, and flipping were applied. The
dataset was split into training and validation sets
using a 70:30 ratio.

The models were trained under identical conditions
using the Adam optimizer and categorical cross-
entropy as the loss function. The training was
conducted for 100 epochs with a batch size of 32.

After training, all models achieved 100% training
accuracy, which suggests that the models were able
to effectively learn from the training data. However,
the validation accuracies varied between the models.
The CNN model achieved the highest validation
accuracy at 93.33%, while both the GRU and
ConvlD models achieved a slightly lower validation
accuracy of 86.66%.

These results demonstrate that the CNN model
performed better in generalizing to unseen data.
This can be attributed to the fact that CNNs are
specially designed to handle image data. They
effectively extract spatial features such as edges,
textures, and shapes, which are crucial for
accurately classifying hand gestures.

The GRU model, which is typically used for
sequential data such as time series or video [19],
performed well during training but did not
generalize as effectively to static images. Similarly,
the ConvlD model is better suited for processing
one-dimensional signals, such as sensor data or text,
and lacks the spatial feature extraction capabilities
of CNNs.

In practical testing, the CNN model demonstrated
superior  performance in  real-time gesture
recognition. It was able to accurately recognize ASL
gestures, such as "Like" (thumbs up), and display
the corresponding output on the screen with minimal
delay. The system used MediaPipe [3] for hand
landmark detection, OpenCV for image processing
and video[19] capture, and CVZone to display the
recognized gestures.

The system’s output was displayed on the screen,
showing the recognized gesture in text form,
providing clear and immediate feedback. This real-
time functionality confirms the effectiveness of
CNNs for ASL gesture recognition in image-based
tasks [3][7][11].
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V. CONCLUSION
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Sign Language Recognition (SLR) systems are a
breakthrough in the field of assistive technology,
providing a much-needed bridge between the
hearing-impaired community and the rest of the
world. By leveraging modern tools like computer
vision, machine learning, and deep learning
frameworks (e.g9., OpenCV, MediaPipe,
TensorFlow),we can enable real-time interpretation
of hand gestures into readable or spoken
formats[12][13].

This project has demonstrated how SLR can be
developed using vision-based methods, eliminating
the need for costly hardware such as gloves or
motion sensors. The use of a webcam and trained
deep learning model makes it a low-cost, scalable,
and effective solution for realworld applications.

Through the stages of data collection, preprocessing,
model training, and real-time testing, this system has
shown how  technology @ can  empower
communication, education, and independence for
individuals with hearing or speech impairments. As
society moves toward greater digital inclusion,
systems like these will play a vital role in:
. Promoting accessibility in education and
healthcare
. Supporting communication in public services
and workplaces
. Enabling smart environments controlled by
sign gestures
However, the journey doesn’t end here. The future
of SLR lies in improving accuracy, recognizing
dynamic gestures and full sentences, and supporting
multilingual sign languages. With continued
development and community support, this
technology can be a powerful tool for bridging the
communication gap and promoting universal
accessibility.
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