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ABSTRACT

Sign Language serves as a crucial means of communication for individuals with hearing
impairments, yet effective real-time translation between sign language and spoken or written
language remains a significant challenge. This project introduces a novel approach to addressing
this issue by leveraging a pre-trained Convolutional Neural Network (CNN) model for the
efficient and accurate translation of sign language gestures into text in real-time. The existing
model is based on ANN. The existing system implements some base hard-code algorithms, like
edge detection with hog features. ANN has parsed well with accuracy. The proposed
methodology uses the pre-trained model ResNet50. This approach employs a typical trade-off
for a deeper architecture, residual learning, performance and accuracy, transfer learning
capability, and versatility in feature extraction. The performance obtained by the proposed
methodology outperformed the accuracy of its analogous counterparts.

Keywords: deep learning, transfer learning, convolutional neural networks, sign language,

real-time.

INTRODUCTION

Sign languages (also known as signed languages) are languages that use the visual -manual
modality to convey meaning, instead of spoken words. Sign languages are expressed
through manual articulation in combination with non-manual markers. Sign languages are
full-fledged natural languages with their grammar and lexicon.[1] Sign languages are not
universal and are usually not mutually intelligible,[2] although there are also similarities
among different sign languages.

American Sign Language (ASL) is a natural language[4] that serves as the predominant sign
language of Deaf communities in the United States and most of Anglophone Canada. ASL
is a complete and organized visual language that is expressed by employing both manual
and nonmanual features.[5] Besides North America, dialects of ASL and ASL-based creoles
are used in many countries around the world, including much of West Africa and parts of
Southeast Asia. ASL is also widely learned as a second language, serving as a lingua franca.

ASL is most closely related to French Sign Language (LSF). It has been proposed that ASL
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is a creole language of LSF, although ASL shows features atypical of creole languages, such

as agglutinative morphology.
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We have used the Kaggle dataset and trained multiple images to achieve good accuracy.
The data is a collection of images of the alphabet from the American Sign Language,
separated into 26 folders that represent the various classes.

The training dataset consists of 16810 images which are 50x50 pixels. There are 26 classes

which are English alphabets A-Z.

1. Hello

2. How are you

1 2 3 4 3 6 7
3. Nice to meet you “ I I u n n E E
2 |

4. What is your name
5. Thank you

. Deaf

8 9 10 11 12 13 14 15
P m N H “ " " n

8. Goodbye

5. See you later

10. See you tomorrow
11. Please

12. Sorry

13. Good

14. Fine

15. Bad

LITERATURE SURVEY

In "Real-Time Recognition and Translation of Indian Sign Language Gestures using Deep
Learning," authors S. Roy, S. Bhattacharya, and D. Mitra demonstrated a comprehensive
approach to address the challenges of recognizing and translating Indian Sign Language (ISL)
gestures in real time. They began by creating a dataset comprising ISL gestures paired with
corresponding textual translations, laying the groundwork for training and evaluating their deep
learning models. With meticulous consideration, they selected a suitable deep learning
architecture for both gesture recognition and translation tasks, weighing factors such as model
complexity, computational efficiency, and real-time applicability.

"Vision-based approach for American Sign Language recognition using Edge

Orientation
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Histogram' by Jayshree R. Pansare (2016) proposes a methodology for recognizing
American Sign

Language using computer vision techniques. The paper utilizes the Edge Orientation
Histogram (EOH) feature extraction method to capture the shape and orientation of edges in
sign language gestures. These EOH features are then used to train a classifier, such as a
Support Vector Machine (SVM), to recognize different signs. The methodology involves
preprocessing the sign language video frames, extracting EOH features, and training the
classifier. It's an interesting approach to bridge the communication gap between hearing -
impaired individuals and the hearing community.

"Real-time Hand Gesture Recognition using different algorithms based on American
Sign Language" by Md. Mohiminul Islam, Sarah Siddiqua, and Jawata Afnan (2017)
present a methodology for real-time hand gesture recognition in American Sign Language
(ASL). The paper explores various algorithms for recognizing hand gestures, such as
Hidden Markov Models (HMM), Dynamic Time Warping (DTW), and Artificial Neural
Networks (ANN). The methodology involves capturing hand gesture data through a camera,
pre-processing the image to enhance features, extracting relevant features from the hand
region, and applying the chosen algorithm for classification. The goal is to enable real-time
interpretation of ASL gestures, facilitating communication between hearing-impaired

individuals and the hearing community.
EXISTING SYSTEM

In the existing project, they used smart techniques like artificial neural networks (ANN) to
understand sign language gestures. ANN helped in recognizing these gestures accurately.
They also used a method called edge orientation histograms (EOH) to better understand the
shapes of the signs. The implementation of ANN with feed-forward and back-propagation
algorithms signifies a robust approach towards pattern recognition and feature extraction.
This made it easier to convert the signs into letters of the alphabet.
Disadvantages

+ Computational Complexity: Fine-tuning deep neural networks can be computationally
intensive, especially for large models and datasets. Training may require significant
computational resources, including highperformance GPUs, which may not be accessible to
all researchers or practitioners.

* Feedforward and backpropagation: While feedforward and backpropagation are

fundamental techniques in neural network training, they may struggle with convergence and
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generalization in deeper architectures or complex datasets. Training deep neural networks
can also be computationally intensive and prone to issues like vanishing gradients.

+ Edge-Oriented Histograms: While EOH can be effective in certain contexts, especially
when dealing with simpler datasets or specific feature requirements, it has limitations,
particularly in handling complex datasets like sign language images. In such cases, deep
learning techniques, particularly Convolutional neural networks (CNNs), have shown
superior performance due to their ability to automatically learn hierarchical features directly

from raw data.
PROPOSED SCHEME

Our proposed system revolutionizes real-time sign language translation through innovative
techniques and cutting-edge technologies. Leveraging gestures captured via webcam, our
backbone ResNet50 model excels in recognizing common phrases like 'hello,' 'thank you,'
and 'bye." Through Transfer Learning, Data Augmentation, One-Hot Encoding, Dropout
Regularization, Categorical Cross-Entropy Loss, and Model Check-pointing, our model
achieves superior accuracy. Transfer Learning harnesses pre-existing knowledge, Data
Augmentation diversifies training data, and One-Hot Encoding efficiently represents
categorical data. Dropout Regularization mitigates over-fitting, while Categorical Cross-
Entropy Loss optimizes classification. Model Check -pointing ensures optimal model
preservation, enabling seamless recovery. Our system marks a significant advancement,

fostering inclusive communication for individuals with hearing impairments.

ADVANTAGES

Enhanced Accuracy: Through the utilization of the ResNet50 pre-trained model and
advanced techniques such as Transfer Learning and Data Augmentation, the proposed
system achieves superior accuracy in gesture recognition compared to existing solutions,
ensuring more precise communication.

Efficient Real-Time Interaction: The integration of a webcam interface enables seamless capture
of sign language gestures, facilitating instant interaction and communication without delays or
interruptions.

Versatility: The system's ability to recognize and translate common phrases such as "hello," "thank

you," and "bye" adds versatility, allowing users to convey a wide range of messages efficiently.
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Figure .1 Architecture Of Proposed System
DATA PRE-PROCESSING

Bilateral filtering is a non-linear, edge-preserving, and noise-reducing smoothing filter for images. It
works by considering both the spatial distance and the intensity difference when smoothing an
image. The aim is to reduce noise while preserving important edges in the image.

Gaussian blur is a type of image-blurring filter that uses a Gaussian function to calculate the weights
of neighboring pixels when generating a new pixel value. It is widely used for smoothing images
and reducing noise.

One-hot encoding is a technique used to represent categorical data numerically. It is commonly used

in machine learning and data pre-processing tasks.

(A) (B)
Fig 1.1 Gesture without Fig 1.2 pre-process Gesture
PRE-PROCESSING MODEL ARCHITECTURE

ResNet-50 is a type of convolutional neural network (CNN) that has revolutionized the way we
approach deep learning.ResNet stands for residual network, which refers to the residual blocks that
make up the architecture of the network.ResNet-50 is based on a deep residual learning framework
that allows for the training of very deep networks with hundreds of layers. The ResNet architecture
was developed in response to a surprising observation in deep learning research: adding more layers

to a neural network was not always improving the results.ResNet-50 consists of 50 layers that are
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divided into 5 blocks, each containing a set of residual blocks. The residual blocks allow for
the preservation of information from earlier layers, which helps the network to learn better
representations of the input data. The first layer of the network is a Convolutional layer that
performs convolution on the input image. This is followed by a max-pooling layer that
downsamples the output of the convolutional layer. The output of the max-pooling layer is
then passed through a series of residual blocks. Each residual block consists of two
convolutional layers, each followed by a batch normalization layer and a rectified linear unit
(ReLU) activation function. The output of the second convolutional layer is then added to
the input of the residual block, which is then passed through another ReLU activation
function. The output of the residual block is then passed on to the next block. The final layer
of the network is a fully connected layer that takes the output of the last residual block and
maps it to the output classes. The number of neurons in the fully connected layer is equal to

the number of output classes.

ResNet50 Model Architecture

Stage 1 Stage 2 Slage3 Staged Stage5

Output

E#

Input

1D Block

;
o

Conv Block
Conv Block
ID Block
Convilock
Avg Pool
Flattening

Conv Block

Zero Pédding -
CONV
RelLu

Max Pool

INPUT IMAGE

OUTPUT SCREEN

" N TR T I " d sefovBoefar
Fig.(a)0UTPUT SCREEN Fig.(b)BACKGROUND
CAPTURED

Volume X111, Issue 1V, APRIL/2024 Page No : 1765



Mukt Shabd Journal ISSN NO : 2347-3150

L B guntiiBecfade '

sRfivBeeSqr

Fig.(c)SIGN RECOGNISE Fig.(d)WORD PREDICTION

LEARNING GRAPHS

Fig.(a) Accuracy Graph Fig.(b) Loss Graph
GESTURES PROBABILITY

Sign Predi Sign Predi
ction ction
Prob Prob
abilit abilit

y y

93.3 95.7

L
i

Volume X111, Issue 1V, APRIL/2024 Page No : 1766



Mukt Shabd Journal ISSN NO : 2347-3150

100 97.7
) <

- <

CONCLUSION

In conclusion, our proposed project represents a groundbreaking advancement in real -time
sign language translation, catering to the needs of individuals with hearing impairments. By
leveraging innovative techniques and cutting-edge technologies, we have developed a
system capable of accurately recognizing and translating hand gestures into common
phrases such as "hello," "thank you," and "bye" in real-time. Central to our approach is the
use of the ResNet50 pre-trained model, which exhibits superior performance in gesture
recognition tasks. Through rigorous experimentation, our proposed model has demonstrated
significant improvements in accuracy compared to existing solutions. This achievement is
attributed to the strategic integration of Transfer Learning, Data Augmentation, One-Hot
Encoding, Dropout Regularization, Categorical Cross-Entropy Loss, and Model Check-
pointing techniques. Transfer Learning harnesses pre-existing knowledge for enhanced
accuracy, while Data Augmentation diversifies training data for improved robustness.
Additionally, Dropout Regularization mitigates overfitting, and Model Check-pointing

ensures the preservation of optimal model weights.
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