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ABSTRACT
Automatic hand gesture recognition from camera images is a compelling research area for developing
intelligent vision systems. Sign language serves as the primary communication medium for individuals
who are unable to speak or hear, enabling physically challenged people to express their thoughts and
emotions effectively. In this work, we propose a novel scheme for sign language recognition aimed at
accurately identifying hand gestures. Leveraging computer vision and neural networks, our system can
detect gestures and convert them into corresponding text output. To tackle this problem, we introduce a
3D convolutional neural network (CNN) that automatically extracts discriminative spatio-temporal
features from raw video streams without requiring handcrafted feature design. To enhance performance,
multi-channel video streams—including color information, depth cues, and body joint positions—are
used as input to the 3D CNN, allowing the integration of color, depth, and trajectory information for
robust gesture recognition.
Index Terms: Sign Language Recognition, Hand Gesture Recognition, 3D Convolutional Neural
Network (3D CNN), Spatio-Temporal Feature Extraction, Computer Vision, Depth Sensing, Human-
Computer Interaction.
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1. INTRODUCTION

Sign language is one of the most widely used
communication methods for hearing-impaired
individuals, expressed through variations in hand
shapes, body movements, and even facial
expressions.  Effectively  capturing  and
interpreting  these  variations remains a
challenging task due to the complexity of
combining information from hand shapes and
motion trajectories. This paper proposes an
effective recognition model to translate sign
language into text or speech, thereby helping
hearing-impaired individuals communicate with
others more seamlessly.

The primary technical challenge in sign
language recognition (SLR) lies in developing

robust descriptors to represent hand shapes and
motion trajectories. Hand-shape representation
involves tracking hand regions in video streams,
segmenting hand-shape images from complex
backgrounds in each frame, and recognizing
gestures accurately [1, 2]. Motion trajectories
require tracking key points over time and
performing curve matching [3]. Despite
extensive research in these areas, achieving
satisfactory performance in SLR remains
difficult due to variations and occlusions of
hands and body joints [4]. Furthermore,
integrating hand-shape and trajectory features
effectively is nontrivial [5].

To address these challenges, we employ 3D
convolutional neural networks (3D CNNSs) to

This article can be downloaded from https://ijerst.org/index.php/ijerst 341



https://ijerst.org/index.php/ijerst
http://www.ijerst.com/

\ “,_RST

Int. J. Engg. Res. & Sci. & Tech. 2025 ,;-"r

International Journal o Engineering Research and Science & Technology

naturally integrate hand shapes, action
trajectories, and facial expressions [6]. Unlike
traditional approaches that rely solely on color
images as network inputs [1, 2], our model uses
multiple visual streams—color images, depth
images, and body skeleton images—
simultaneously, all captured using Microsoft
Kinect [7]. Kinect is a motion-sensing device
that provides color and depth streams, and, with
its public Windows SDK, allows real-time
extraction of body joint locations (Fig. 1) [8].
Variations in color and depth at the pixel level
provide crucial information for distinguishing
sign actions, while temporal changes in body
joints encode motion trajectories [9].
Using multiple visual modalities enables the
CNN to focus on variations not only in color but
also in depth and trajectory, -effectively
bypassing traditional challenges such as hand
tracking, background segmentation, and manual
feature design [10]. CNNs have the inherent
capability to learn discriminative features
automatically from raw data without prior
knowledge [6]. Recently, 3D CNNs have shown
promising results in video classification tasks [2,
4, 5]. Although training CNNs on large-scale
video datasets can be time-consuming, real-time
efficiency can still be achieved using parallel
processing frameworks like CUDA [11].
In this work, we leverage 3D CNNs to extract
spatio-temporal features from video streams for
SLR. Unlike conventional methods that rely on
handcrafted features to describe sign motion, our
approach allows the network to learn motion and
gesture patterns directly from raw video data,
eliminating the need for manually designed
descriptors [6, 12].
2. LITERATURE SURVEY
o Geoffrey E. Hinton, llya Sutskever, and Alex
Krizhevsky [1] trained a large, deep
convolutional neural network to classify 1.2
million  high-resolution images in the
ImageNet LSVRC-2010 contest into 1,000
different classes. On the test data, they

achieved top-1 and top-5 error rates of 37.5%
and 17.0%, which was considerably better than
the previous state-of-the-art. The neural
network, consisting of 60 million parameters
and 650,000 neurons, includes five
convolutional layers (some followed by max-
pooling layers) and three fully connected
layers with a final 1,000-way softmax output.
To accelerate training, they wused non-
saturating neurons and an efficient GPU
implementation of convolution. To reduce
overfitting in fully connected layers, they
employed the regularization method “dropout,”
which proved highly effective. They further
entered a variant of this model in the ILSVRC-
2012 competition and achieved a winning top-
5 test error rate of 15.3%, compared to 26.2%
achieved by the second-best entry.

e Andrej Karpathy, George Toderici, Sanketh
Shetty, Thomas Leung, Rahul Sukthankar, and
Li Fei-Fei [2] demonstrated that convolutional
neural networks (CNNs) are powerful models
for image recognition and extended their
application to large-scale video classification.
Using a dataset of 1 million YouTube videos
across 487 classes, they evaluated multiple
approaches for extending CNN connectivity in
the time domain to exploit spatio-temporal
information. They proposed a multiresolution,
foveated architecture to speed up training.
Their best spatio-temporal networks showed
significant performance improvements over
strong feature-based baselines (55.3% to
63.9%), with modest gains over single-frame
models (59.3% to 60.9%). Additionally,
retraining the top layers on the UCF-101
Action Recognition dataset led to improved
performance (63.3% up from 43.9%).

e Yann LeCun, Léon Bottou, Yoshua Bengio,
and Patrick Haffner [3] discussed multilayer
neural networks trained with back-propagation
as a highly effective gradient-based learning
technique. They showed that, given
appropriate network architecture, gradient-
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based learning algorithms can synthesize
complex decision surfaces for classifying high-
dimensional patterns, such as handwritten
characters, with minimal preprocessing.
Convolutional neural networks, specifically
designed to handle 2D shape variability, were
shown to outperform other techniques. They
introduced Graph Transformer Networks
(GTN) for global training of multimodule
systems, demonstrating the advantage of global
optimization in online handwriting recognition
and document processing.

o H. Jhuang, T. Serre, L. Wolf, and T. Poggio [4]
presented a biologically-motivated system for
action recognition from video sequences. Their
approach extends hierarchical feedforward
architectures and neurobiological models of
motion processing in the visual cortex. The
system uses a hierarchy of spatio-temporal
feature detectors: motion-direction sensitive
units first analyze input sequences, producing
position-invariant  spatio-temporal  features
through successive processing stages. They
found that sparse intermediate features
outperform dense ones, and simple feature
selection improves efficiency. Their approach
achieved state-of-the-art results on multiple
publicly available action datasets.

3.EXISTING SYSTEM
sign language into text or speech, facilitating
communication between deaf-mute individuals
and hearing people. This task has significant
social impact but remains challenging due to the
complexity and high variability of hand gestures
and actions.
Existing methods for SLR primarily rely on
hand-crafted features to describe hand motion
and build classification models based on these
features. However, designing reliable features
that can generalize across diverse hand gestures
is difficult, leading to limitations in accuracy and
robustness.
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DISADVANTAGES
e Heavy reliance on hand-crafted features, which
may not capture all variations in hand gestures.
e Difficulty in tracking and segmenting hands
accurately in real-time video streams.
4.PROPOSED SYSTEM
This paper aims to present a real time system for
hand gesture recognition on the basis of detection
of some meaningful shape based features like
orientation, center of mass (centroid), status of
fingers, thumb in terms of raised or folded fingers
of hand and their respective location in image. The
approach introduced in this paper is totally
depending on the shape parameters of the hand
gesture. It does not consider any other means of
hand gesture recognition like skin color, texture
because these image based features are extremely
variant to different light conditions and other
influences.
The system converts the Gestures video into simple
words in English as well as make a sentence of that
each word in English. The CNN process used in
the video processing module gives the matched
results. Based on the right match, the Sign Writing
Image File is retrieved and stored in a folder. This
folder served as the input to the Natural Language
Generation Module.
ADVANTAGES
e The system processes gestures and provides
immediate text output.
e CNN-based recognition
matching of hand gestures.
5.SYSTEM MODEL

ensures precise
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6.MODULES DESCRIPTION

1. Image Acquisition

Gestures are captured using a web camera. The
OpenCV video stream records the entire signing
duration, and individual frames are extracted from
the stream. These frames are converted to
grayscale images with a consistent dimension of 50
x 50 pixels, ensuring uniformity across the dataset
for training and prediction.

2. Hand Region Segmentation & Hand
Detection and Tracking

The captured frames are scanned to detect and
segment hand regions. This preprocessing step
enhances the visibility of hand gestures, making
them more prominent for the recognition model.
Effective segmentation and tracking significantly
increase the accuracy of gesture prediction.

3. Hand Posture Recognition

The preprocessed hand images are fed into a
Keras-based Convolutional Neural Network
(CNN) model. The trained model generates
predicted gesture labels with  associated
probabilities. The label with the highest probability
is selected as the predicted gesture.

4. Display as Text & Speech

The recognized gestures are accumulated to form
words.

RESULT
Run Application CONCLUSION

Nowadays, applications need several kinds of
images as sources of information for elucidation
and analysis. Several featuresare to be extracted so
as to perform various applications. When an image
is transformed from one form toanother suchas
digitizing, scanning, and communicating, storing,
etc. degradation occurs. Therefore , the output
image has to undertake a process called image
enhancement, which contains of a group of
Prediction methods that seek to develop the visual presence of
an image. Image enhancement is fundamentally
enlightening the interpretability or awareness of
information in images for human listeners and
providingbetter input for other automatic image
processing systems. Image then undergoes feature
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extraction using various methods to make the
image more readable by the computer. Sign
language recognition system is a powerful tool to
prepare an expert knowledge, edge detect and the
combination of inaccurate information from
different sources.

FUTURE ENHANCEMENT

Future Enhancement is being planned to further
analyze and enhance the protocol usable for blind
peoples because they need to communicate with
normal persons
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