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ABSTRACT

This study explores the challenges in using Indian Sign Language (ISL) effectively.
We propose using advanced technology to overcome these communication barriers,
focusing on improving continuous voice recognition and its translation into ISL. Our
approach enhances the accuracy of recognizing continuous sign sequences by
integrating a modified Long Short-Term Memory (LSTM) architecture with a
Residual Network (ResNet). This combined approach shows superior performance
compared to current models, highlighting its effectiveness. We aim to enhance
inclusiveness and accessibility for the Deaf population by combining computer
vision and machine learning methods. Despite the importance of sign language
recognition systems, there has yet to be a comprehensive review and classification
scheme. This study fills that gap, providing an academic literature review from 2007
to 2022 and proposing a classification scheme. We reviewed 396 relevant research
articles and selected 55 for detailed analysis based on their focus on 15 sign
languages and six dimensions: data acquisition techniques, static/dynamic signs,
signing mode, single/double-handed signs, classification technique, and recognition
rate. Our findings indicate that most research has focused on using cameras on static,
isolated, single-handed signs. This study provides a roadmap for future research and
knowledge accumulation in sign language recognition. We also reviewed techniques
in gesture detection and translation, emphasizing the use of Convolutional Neural
Networks (CNNs), Hidden Markov Models (HMMs), and Support Vector Machines
(SVMs). Our findings highlight the crucial role of modern technology in enhancing
accessibility and inclusion for people with speech impairments, contributing to the
development of intelligent sign language recognition systems and fostering a more

inclusive society.
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CHAPTER 1
INTRODUCTION

1.1 Overview
6.3% of India's entire population, or 6.3 crore people, are deaf or hard of hearing,

stated a 2011 census. Among the hearing-impaired population in India, around
76-89% lack the ability to read or write in any spoken, recognized, or written tongue.
The low literacy rate may be ascribed to the lack of interpreters for sign language,
the shortage of resources for Indian Sign Language (ISL), and the little study
conducted on ISL.

An ideal program that translates discussion into communication and afterward into

gesture-based communication can offer several benefits.

Ensuring that spoken content is understandable, for individuals who need hearing
aids or have hearing difficulties promotes inclusivity. By turning voice into written
words, individuals are able to comprehend verbal information and engage in

discussions.

For those who're hard of hearing or completely deaf gesture based communication
becomes the primary mode of interaction. This system aids communication for
individuals with hearing impairments and those unfamiliar with sign language by

translating text into sign language.

The application can serve as an tool in various educational settings such as schools
and universities. It enriches the learning experience by bridging the communication

barrier, between students and their educators.

The program may assist those who are deaf in making introductions or public
presentations by converting their rehearsed speech into sign language. As a result,

they were ready to captivate a broader audience with their thoughts and perspectives.



When a sign language interpreter is unavailable, this application may assist in
translating phrases spoken into sign language. In everyday circumstances, such as
regular medical check-ups, social gatherings, or collaborating with customer service

agents, it may be quite beneficial.

By utilizing an application that converts voice into text and subsequently sign
language, people with hearing impairments may communicate and access

information more autonomously and do not need translators or middlemen.

In India, individuals with hearing impairments or complete deafness rely on Indian
Sign Language (ISL) to communicate. By expressing themselves through body
language, facial cues, and hand movements, they are able to share thoughts,
emotions, and ideas. Indian Sign Language plays a role in bridging the
communication gap between the hearing and deaf communities. For individuals in
India, ISL serves as their primary mode of communication from a very young age,
starting either at birth or early infancy. Beyond being a language tool, ISL holds
value for the Indian Deaf Community—it is an essential part of their identity and

serves as a unifying force within their community.

When using sign language, dual-hand utilization is essential, often necessitating hand
crossing for specific signals. Addressing segmentation and identification challenges
arising from overlapping hands is a subsequent concern. While recognizing static
signs is straightforward, dynamic signals pose greater complexity, such as signs

involving motion like "y," "h," "j," and "v" [2].



The deaf population in India relies on visual clues such as hand forms and gestures to
communicate, making Indian Sign Language (ISL) a crucial tool for them. In official
contexts, a standardized ISL 1is used, notwithstanding regional differences.
Innovations in computer vision and machine learning have enabled new ISL
recognition systems, which let those who use ISL communicate with others who
don't. In order to promote diversity, it is essential to promote ISL learning via the use
of technology-driven resources. The incorporation of technology into ISL increases
accessibility, which in turn promotes a society in which obstacles to communication

are eliminated and every person's voice is heard.

Continuous speech recognition in Telugu, Tamil, Kannada, Marathi, Malayalam, and
Hindi has been extensively studied. Voice recognition and text translation have long
been studied. Text translation papers exist for Telugu [3], Marathi [4], Malayalam
[5], Hindi [6], etc. to English. Certain systems use Long Short-Term Memory
(LSTM) models to convert localized text into Indian sign language.While others use
MFCC with HMM, Naive Bayes, etc. to convert regional speech to text. No
technology accurately transforms regional speech into ISL. This research converts
Telugu, Hindi, Tamil, Malayalam, Kannada, and Marathi speech to ISL.The system
employs wavelet-based Mel-Frequency Cepstral parameters in conjunction with a
model of Gaussian mixtures (GMM) for speech identification. For text translation
and ISL generation, it uses encoder-decoder LSTM. Research shows Gaussian
models excel in recognition [7]. This work introduces a revised LSTM (Long Short
Term Memory) structure that includes a Reset ® Gate. The addition of this gate aids
in splitting the continuous sign sequence and enhances the recognition performance.
After the Convolutional Neural Network (CNN) has removed the spatial features
required for recognition, the enhanced LSTM model displays the signed sequences.

The paper's primary contributions are as follows:



In this study, we provide a novel approach to tracking and identifying ongoing
expressions in Indian Sign Language (ISL). The simulation of sign segments forms
the basis of this system. Furthermore, we provide a modified long-short-term
memory (LSTM) classifier that can recognize signed sentences that are continuous
and use sign sub-units for this purpose. Ultimately, the system's performance is
evaluated by comparing it to both classic LSTM models and the most advanced

architectures currently available.

Among the taxonomies of communicative hand/arm gestures, sign language (SL) is
regarded as the most systematic and well-organized form among the several kinds

of gestures. Gesture-based communication system

Sign language is a crucial form of communication among the hearing impaired and
deaf communities. Deaf individuals use visual signals in lieu of speech
communication and auditory patterns for effective communication. Sign language
(SL) encompasses not just hand and arm movements, but also includes non-manual
signals that use facial expressions and other body postures to communicate

semantic meaning.

Sign language detection is an interdisciplinary area that necessitates cooperation
and integrates several fields like pattern identification, imagery analysis, NLP, and
the study of language. The purpose is to develop diverse approaches and algorithms
to detect and comprehend the significance of pre-existing indicators. The detection
of sign language processes is based on HCI-based technologies which provide
efficient and captivating interaction. This system employs a multidisciplinary
approach that involves data collection, speech and language technology, speech and
language assessment, and speech and language linguistics. This system may be
used in many public establishments such as hotels, trains, resorts, banks, and
workplaces. Its purpose is to facilitate the learning of new ideas and information for

those with hearing impairments, as well as to regulate emotional responses [8].
1.2 Symbols used in sign language

The study of sign language linguistics started in the 1970s [9]. The content consists



of linguistic data, including a variety of characters and words. Sign language
symbols has the ability to communicate through every aspect of sign language,
such as hand shapes, activity, location, and thumb direction. Figure 1 illustrates the
classification of SL symbols. SL icons are classified into two categories:
single-handed signs and double-handed signs. Moreover, these signals are

categorized into both static and active markers.

1.2.1 Unilateral Gesture: One-handed signs are represented with a single
dominant hand. It may be shown by either a stationary gesture or a gesture

including movement.

—
.
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Fig 1.1 Orders of Signs in ISL [10]

1.2.2 Two Hands Sign When signing with both hands, Both the hand that controls

and not predominant hands are used to convey the indications.

These signs are further categorized as type 0 and type 1. Regarding the category or

classification

In Type 0, each hands are engaged, as shown in Figure 2. In Type 1, the dominant



hand is more active than the non-dominant hand, as illustrated in Figure 3.

Sign language is comprised of both manual and non-manual components [11].
Manual signals only use the hands to convey messages, whereas non-manual signs

include body postures, mouth motions, and facial expressions.

Fig 1.2. A type O sign that uses both hands simultaneously Fig 1.3.Type 1 sign, two handed
(dominant hand alone)

1.3 Challenges in ISL

Understanding and deciphering Indian Sign Language (ISL) presents several distinct
difficulties stemming from its linguistic, cultural, and technical complexities. In this
analysis, we examine the difficulties associated with language complexity,

technological limits, and cultural factors.

1.3.1 Complexity of language

1.3.1.1. Varied Grammar and Syntax
ISL, like other sign languages, has its own independent grammar and syntax, apart

from spoken languages. ISL, in contrast to linear spoken language, has the ability to
transmit numerous bits of information concurrently via the use of hand forms,
motions, facial expressions, and body postures. The use of several channels for
communication adds complexity to the process of translating signals into spoken

language counterparts.



1.3.1.2. Differences in different regions
India's linguistic variety is also reflected in Indian Sign Language (ISL), where

various areas have developed their own distinct versions of signals for the same word
or notion. The existence of geographical diversity presents a notable difficulty in

developing a cohesive recognition system that can properly interpret all variations.

1.3.1.3. Velocity and Smoothness of Movements
The rapid production of signals and the seamless transitions between them in

continuous signing might pose challenges in segmenting and identifying them.
Continuous signing, unlike isolated signs, requires quick hand motions and variations
in hand form, which pose challenges for recognition systems in effectively detecting

and interpreting each gesture.

1.3.2. Constraints of a technical nature

1.3.2.1. Constraints of the dataset
An obstacle in creating reliable ISL recognition algorithms is the absence of

extensive, annotated datasets. Obtaining datasets of superior quality is crucial for the
training of machine learning models. However, the process of gathering and

annotating sign language data is laborious and requires specialized expertise.

1.3.2.2. The process of extracting distinctive characteristics from data.
Precise feature extraction from visual input is crucial for ISL recognition. The quality

of retrieved characteristics may be influenced by variations in lighting, backdrop, and
the signer's look. Overcoming the challenge of maintaining uniformity and precision

in feature extraction is still a major obstacle.

1.3.2.3. Complexity of the Model
Constructing models that can efficiently manage the intricacy of ISL requires

sophisticated neural network topologies. Although deep learning models such as

LSTM and ResNet show promise, they require significant computing resources and



are susceptible to overfitting, particularly when trained with insufficient data.

1.3.2.4. Processing in real-time
In order to be useful in actual situations, ISL recognition systems must be capable of

efficiently analyzing and interpreting signals in real-time. To achieve real-time
performance, it is necessary to optimize models to increase speed and efficiency
while maintaining accuracy. Managing this equilibrium may be particularly difficult,

especially for devices with limited power or mobile devices.

1.3.3. Factors related to culture

1.3.3.1. Social consciousness and approval

Societal knowledge and attitudes towards the deaf population have a significant role
in shaping the acceptability and implementation of ISL technology. Significant
portions of India lack sufficient knowledge on sign language and the specific
requirements of those who are deaf or hard-of-hearing. Facilitating comprehension

and embracing of ISL technology is crucial for their effective use.

1.3.3.2. Implementation of ISL standardization

Although there are ongoing attempts to establish a standardized version of ISL, it is
still in the process of being developed. The absence of a globally acknowledged
criterion for ISL hinders the progress of recognition systems. The pace of
standardization initiatives should be expedited and backed by both governmental and

non-governmental entities.

1.3.3.3. Engaging in collaboration with the Deaf Community

Collaboration with the deaf community is essential for the development of effective
ISL recognition systems. Their contribution is crucial in guaranteeing the accuracy,
user-friendliness, and alignment with the genuine requirements of consumers.
Establishing trust and cultivating engagement with the deaf community is crucial for

the effectiveness of ISL technology.



CHAPTER 2
LITERATURE SURVEY

2.1 Overview

Table 2.1 Research questions Motivation

Research Question Motivation
RQ1: How many research papers are To determine the timeframe and sources
published annually on sign language of publications for the most pertinent
recognition? articles

RQ2: What are the various methods of | To identify and evaluate various data
collecting data used in sign language acquisition devices used for capturing
recognition systems? sign language data

RQ3: What proportion of research focuseqTo categorize research on static and

on static versus dynamic signs in sign dynamic signs in sign language
language recognition systems? recognition

RQ4: What proportion of research is To distinguish between different signing
conducted based on the signing mode modes, such as isolated and continuous

(isolated or continuous) of sign language?|signs

RQ5: What proportion of research is

based on single-handed versus To assess research on single-handed
double-handed signs®? versus double-handed signs

RQG6: What are the existing To examine and contrast existing
methodologies and techniques for methodologies and techniques for sign
recognizing sign language? language recognition

RQ7: What is the accuracy and coverage |To assess the recognition rate of current ™
of current sign language recognition sign language recognition systems on
systems? trained datasetsl

Indian Sign Language (ISL) is the primary signal language utilized in South Asia.
The expected variety of ISL users is 2,700,000 [12]. The editions of ISL consist of
Tamil Sign Language, Marathi Sign Language, and Punjabi Sign Language.



The following part provides an outline of the signal language recognition approaches

for ISL that have been documented inside the closing decade.

2.2 Related Work
2.2.1. Indian Sign Language Recognition Techniques

[13] delivered an ISL reputation machine designed for double-handed signs. They
created a dataset which include 26 signs and symptoms, out of which 23 have
been static and 3 were dynamic. Static symptoms were categorised the use of
Support Vector Machines (SVM), whilst dynamic signs had been diagnosed the
usage of Dynamic Time Warping (DTW).

Agrawal et al. [14] developed any other double-passed sign language reputation
gadget. They captured 235 photographs of 36 signs and symptoms the use of a
digital camera. The observe found that integrating form descriptors with HOG
and SIFT function extraction strategies significantly progressed the system's

performance.

Adithya et al. [15] proposed a way for spotting each single and double-passed
signs. They captured 720 Indian symbols, including letters and numerals, using a
webcam. The indicators were classified based only on skin tone in the YCbCr

color space.

Rahaman et al. [16] developed a real-time system for recognizing sign language
using a digital camera. Their dataset consisted of seven thousand Bengali signals
that were performed with both hands. This dataset included 6 syllables and 30
accents. Features, including finger locations and fingertips, were retrieved and
classified using the K-Nearest Neighbors (KNN) algorithm. Nevertheless, the
system had difficulties in accurately segmenting the hand area when objects with

similar skin tones were present.

Mehrotra et al. [17] offered a gadget for spotting double-surpassed Indian signs
and symptoms the usage of Microsoft Kinect to capture 37 signs and symptoms.

This approach leveraged depth sensing to beautify the accuracy of sign

10



reputation.The machine changed into labeled the use of a multi-magnificence

Support Vector Machine (SVM) and achieved an accuracy of 86.16%.

Tripathi et al. [18] introduced a technique designed to identify phrases in ISL
(Indian Sign Language). A total of 500 samples were acquired in this gadget from
10 terms. During the feature extraction segment, the manner of key body
extraction became used, which efficaciously reduces the time required for

schooling and checking out.

In their study, Yasir et al. [19] introduced a technique that utilizes the
Scale-Invariant Feature Transform (SIFT) to understand static double-passed
Bangla signs and symptoms. The system underwent education using 150
examples of alphabets and sentences. The class procedure blanketed extracting
the characteristics of gradient significance and direction, which have been then

used at the side of SVM.

Kishore et al. [20] delivered a technique designed to perceive and interpret
phrases in ISL (International Sign Language). The dataset had a total of 580
phrases. Optic drift hand tracking and hand form traits have been recovered from
the dataset. The experimental findings display that a reputation charge of

ninety.17% was attained.

Naglot and Kulkarni [21] confirmed an artificial neural network (ANN) that
recognizes numerals in Indian Sign Language (ISL) the use of the Leap Motion
Controller (LMC). The researchers used the Multilayer Perceptron (MLP) set of
rules to categorize single-passed dynamic signals and obtained a super accuracy

charge of one hundred%.

Hasan et al. [22] evolved a system gaining knowledge of approach to identify
Bangla Sign Language. The researchers obtained 16 desk bound symptoms by
way of an internet digital camera and amassed a complete of 320 samples. The
value and direction of the gradient were computed for each pixel, resulting in an

accuracy of 86.Fifty three%.

Kumar et al. [ 23] developed a gadget for non-stop sign language identity. They
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used the the front digicam of a cellular device to seize alerts.The researchers
acquired the energy values of the contours of the top and hand from the collected

symptoms, resulting in a ninety% accuracy fee.

Ahmed et al. [24] added a vision-based approach for spotting hand gestures that
can discover dynamic indicators made with each palms. A total of 24 awesome
signs have been recorded utilizing a web digicam. The traits of the palms and face
were retrieved by way of tracking the movement of the hand. The experimental

findings tested a ninety% accuracy fee.

Uddin and Chowdhury [25] created a Bangla Sign Language reputation system
that makes use of a digicam to perceive static indicators made with both palms.
The dataset had 4800 samples, and the Gabor filter become used to extract

functions.

Kumar et al. [26] created a structure for the recognition of sign language the use
of sensors. The researchers used the Kinect and Leap Motion devices to gather a
total of 7500 samples from 50 one of a kind signal phrases. The fingertip area and
orientation have been retrieved the use of the jump movement API. The device
became classified the usage of a aggregate of Hidden Markov Model (HMM) and
the Bidirectional Long Short-Term Memory Neural Network (BLSTM-NN). The
findings indicated that an universal accuracy of 95.60% and 84.Fifty seven%

turned into completed, respectively.

Rao et al. [27] added a sign language popularity system that utilizes the front

digital camera of a cellular device to seize signs and symptoms.

Kumar et al. [28] added a signal language recognition machine that makes use of
a connected Hidden Markov Model (HMM).They gathered dynamic indications
from 25 phrases the usage of each Kinect and Leap Motion gadgets.

Rao and Kishore [29] evolved an identity method for continuous Indian Sign
Language this is based totally on selfie movies. The traits were extracted the use

of the DCT, and an ANN carried out a mean accuracy of 90%.

Kumar et al. [30] advanced a actual-time approach for spotting signal language.
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A total of 2240 unmarried-surpassed static warning signs were captured utilizing
a soar motion sensor. The research were carried out using SVM and BLSTM-NN,

ensuing in an accuracy of sixty three.

Kumar et al. [31,32] added a framework that isn't always laid low with the
placement and rotation of the signer's hands, and is used for recognizing sign
language using Kinect. A total of 2700 static signs have been gathered, and an

accuracy of 83.77% turned into attained using HMM.

The Yogeshwar I. Rokade et al. [33] version uses a with no trouble available
collection of signs and symptoms for all English alphabets. The significance of
ISL is determined via extracting cues from snap shots and constructing a model.
A new method applies imaginative and prescient-based hand gesture detection to
a web digicam [34]. Singh et al. [35] suggested a deep neural community version
for machine translation, including phrase alignment, rule choice, language

modeling, and joint translation.

Kurhekar et al. [36] advanced a method for identifying gestures in uninterrupted
video streams.They wused a digicam to report the photos, retrieved
frames.Subsequently, the ResNet-34 version turned into used to research the facts
using Fastai, a effective deep getting to know toolset.Assuming adequate
illumination and camera exceptional, this approach produces a complete accuracy

of 78.5%.

Papastratis et al. [37] provide an overview of the feature of Al in sign language
recognition and the limitations in signal language era. The authors explored
destiny Al technology layout and development to guide researchers in related

fields.

Sridhar et al. [38] have supplied a comprehensivedataset for the identification of
signal language. The dataset incorporates 4287 films and consists of 263 terms
throughout 15 distinct categories. Further, they've advised a technique for figuring
out signal language using this dataset. This approach includes the usage of the
Open-Pose package to get characteristics from the database and a mixture of

bidirectional LSTM techniques and MobileNetV2 to figure out what the
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symptoms suggest. One technique for SLR entails breaking down every sign into
smaller additives, known as components,and this then function attributes for

categorization [39].

Han et. Al. [40] use the AdaBoost technique to improve the effectiveness of
weakly supported learners, the use of such things as decision chains and HMMs.A
more present day approach includes the use of traits gathered from networks
specially supposed to pick out human body posture in a single body as well as
analyzing optical drift patterns amongst frames. Due to their decrease length,
these characteristics necessitate the use of smaller mathematical models for
device mastering. This studies adopts a similar technique to extract capabilities by
making use of the OpenPose network previous to manipulating the condensed

feature set.

Table 2.2 Summary of ISL Recognition System

Author Single/double Acquisition Technique used | Static/dynamic
handed mode

[13] Double Camera SVM. DTM Both

[14] Double Camera Multiclass Static
SVM

[15] Both Camera ANN Static

[16] Double Camera KNN Static

[17] Double Kinect Mtuliclass Both
SVM

[18] Both Camera HMM Dynamic

[19] Double Camera SVM Static

[20] Both Camera ANN Dynamic

[22] Both Web camera | SVM Static
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[23] Single Camera ANN Dynamic

[25] Double Camera SVM Static Isolated
[27] Single Camera ANN Dynamic
Continuous

[29] Single Camera ANN Static

[28] Single Kinect and BLSTM Dynamic

leap motion
[30] Single Leap motion | Coupled HMM | Static
2.3 Why Deep learning

In recent years, deep learning methods have outperformed previous state-of-the-art
machine learning techniques in various fields, particularly in Computer Vision and
Natural Language Processing [41]. Some of the most significant deep learning
models used in computer vision include Convolutional Neural Networks (CNN) [42],
Deep Boltzmann Machines (RBM) [43], Generative Adversarial Networks (GAN)
[44], and Recursive Neural Networks (RNN) including Long Short Term Memory
(LSTM) and Gated Recurrent Unit (GRU) [45].

A key goal of deep learning models is to eliminate the need for manual feature
extraction. Deep learning enables computer models to gain insight and represent data
using numerous stages of analysis. This mimics the function of a human mind and
identifies intricate patterns in huge amounts of information. The first attempt to
imitate the way the brain works may be traced back to 1943, when the researchers
McCulloch and Pitts endeavored to comprehend the mechanisms by which the brain
generates intricate patterns via linked fundamental units known as nerves. Significant
contributions in this field continued, with the introduction of DBN by Hinton,

Osindero, and Teh [46] marking a major breakthrough in deep learning.
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Deep learning comprises a diverse set of techniques, such as neural networks,
multilevel bayesian scenarios, and many methods for untrained and controlled
learning of attributes. The availability of massive, top-notch freely accessible labeled
datasets and the use of parallel graphics processing units have been significant
factors in driving the advancement of deep learning. Other important factors include
the mitigation of the vanishing gradient problem, the introduction of new
regularization techniques such as dropout, batch normalization, and data

augmentation, and the development of robust frameworks like Theano [47].
2.3 Integration of features

In order to enhance the precision of sign language identification, in FIg 2.1 we may
combine various characteristics into three distinct categories: using certain aspects of
palm alignment alone, including aspects of both hand and facial stance together, or
combining aspects of fingers, encounter, and body alignment.The following
sub-sections provide a comprehensive explanation of the details pertaining to these

categories.
2.3.1 Features of hand and facial poses

Within the field of computer vision, this study focuses on models that utilize deep

computing for the identification of sign languages.

Utilizing the grammatical and prosodic characteristics of the facial stance, in
conjunction with hand traits, has the potential to enhance the accuracy of sign

language identification.
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FIG 2.1 Classification of sign language models using computer vision.

This category specifically examines the suggested models that use both hand and
facial position features in combination. Only a limited number of models have been
suggested in this area because of the difficulties involved in accurately detecting
human faces in films, particularly when dealing with tossing and turning the head
motions. Moreover, the suggested methods must possess the capability to
accurately monitor and identify face characteristics in real-life scenarios, rather
than in controlled conditions. Therefore, it is important to possess a model that
exhibits precise identification capabilities that can be effectively used in real-world
scenarios, rather than being limited to complex laboratory -circumstances.
Challenges associated with excessive lateral head motions, frequent obstruction of
the signer's face by their hands and hair, must also be taken into account in this
domain. Due to the intricate nature of the task, several models are designed to focus
on certain facial features, such as the eyes or lips, in order to simplify the process

[48,49].

2.3.2 Features related to the position and orientation of the hand, facial

features, and body
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Certain models integrate the characteristics of the hand, face, and other body parts
in order to leverage these combined features and enhance the accuracy of
identification. By including these combined characteristics, the performance of sign
language recognition models may be enhanced to better handle obstructions,
significant distortions, and changes in appearance [40]. Within this area, the
suggested models gain advantages from the physical characteristics of the body.
These characteristics have the potential to enhance the accuracy of identification in
challenging scenarios including occlusions of the hand or face.

Traditional facial recognition systems struggle to recognize faces in positions that
differ greatly from the frontal view. To circumvent this restriction, they propose the
usage of a 3D GAN, which builds realistic 3D face models from little training data to
improve facial recognition performance in large-pose settings [50].

The 3D GAN design is made up of the generator and discriminator network. The
generator network learns to create 3D face models capable of handling large pose
variations, whereas the discriminator network is taught to distinguish between real
and created faces. The suggested technique is tested on benchmark datasets, and the
findings show that the 3D GAN is successful in increasing facial recognition
performance in large-pose settings. The conclusions of the experiments indicate that
the created 3D face models can manage fluctuations in position better, resulting in

more accurate recognition results.
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Fig 2.2. Displays an illustration of a fundamental architecture for a convolutional neural network

(CNN).
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Fig. 2.3 Convolutional layer
The sequence [128 9 128 9 3] is given. In Fig 3 If the size of the filter is 3x3x3, then
each neuron in the convolution layer will have weights connected to an area of the
input volume with dimensions [3x9x3x9x3], resulting in a total of 27 weights and 1
bias parameter.
The primary goal of further feature extraction layers is to decrease the dimensions of
the output produced by convolutional layers. Following the convolution process, the
max-method will be used to subsample the feature map by considering a certain area
size.
Pooling layer Pooling layers are useful for gradually reducing the representation of
data over the network and preventing over-fitting. The pooling layer functions
autonomously on each depth slice of the input. The max operation utilized by the
pooling layer facilitates the spatial resizing of the input data in terms of width and
height. This operation is referred to as max-pooling. The down-sampling in this layer
has been achieved by applying filters to the input data.
As an expert in analyzing systems, I can demonstrate the process using an example.
The input volume with a size of [126 9 126 9 16] is pooled using a filter size of 2 and
a stride of 2. This results in an output volume with a size of [63 9 63 9 16].
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Layer using the Rectified Linear Unit (ReLU) activation function ReLU is an
abbreviation for Rectified Linear Units. The ReLU layer applies an element-wise
activation function to the input data, specifically thresholding it at zero with the
function max(0, x). This results in an output with the same dimensions as the input to
the layer. Using ReLU layers has no impact on the receptive field of the convolution
layer, while also introducing nonlinearity to the network. The nonlinearity of the
function contributes to the improved generalization of the classifier. The ReLU layer
utilizes a nonlinear function, which is represented.

The fig 2.4 depicts the design and implementation of a 3D GAN. The upper portion
of the illustration depicts the implementation of a 3DMM, in which a learned pattern
is presented in the image using a distinguishable render. With the rendered texture as
the primary subject of the image, the backdrop generator learns to build just the
background and components that are not simulated by the 3DMM. The lower section
of the chart illustrates a typical dependent GAN, where a picture is produced by
selecting parameters at random and then sent through a detector that uses aspect

metrics to compare it with training images labeled with postures.

2.4. Continuous Sign Language Recognition

Similar to a systems analyst, isolated sign language recognition focuses on analyzing
images or videos that contain only one sign in the input model. On the other hand,
continuous dynamic sign language recognition deals with the challenge of
recognizing multiple signs within a single video input. Video segmentation is a
crucial aspect of continuous dynamic sign language recognition. It involves dividing

the video into multiple segments, each containing only one sign.
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Here, we showcase the latest developments in continuous sign language recognition

and its relate

2.4.1. Recognition of sign language using continuous dynamic RGB-based

methods

A CNN-based model was proposed by Pu et al. in order to recognize dynamic sign
language from RGB input of video continuously. To get visual data and make a link
between successive aspects and language phrases, they used a mix of a 3D-ResNet,
one layered compressed CNN, and a Connectionist Temporal Classification (CTC).
Since the CTC and CNN factors did not work together very well, they used an
iterative optimization approach to fix the problem. A CNN is fine-tuned to provide
an even better tag for the footage after the original one is created using CTC. The
evaluation results on the RWTH-PHOENIX-Weather dataset show that the model has
achieved a significant improvement in word error rate, outperforming the current
state-of-the-art by 1.4% [51]. Mocialov et al. utilized a heuristic approach in
conjunction with stacked LSTMs to perform video segmentation. This involved
identifying epenthesis and automatically classifying the segmented videos. They
conducted an analysis on the sign numbers and efficiency of various features for final

recognition.

The assessment findings only covered distinct sign classes and made no comparisons

21



to contemporary methods. This model achieved an impressive recognition accuracy
of 95% on the NGT dataset, which included 40 sign classes [52]. The continuous
sign language recognition was defined by Wei et al. as a classification problem based
on grammatical rules. They integrated a 3DCNN with a reversible LSTM. They used
a pair of modules, WIC unit and the NGC section, to partition a phrase into a
sequence of repeated terms. The assurance ratings produced by these sections are
used to integrate the features of the terms in a phrase. Results from evaluating the
CSL SPLIT I dataset showed a precision improvement of 2%, which is considered

state-of-the-art [53].
2.4.2. Continuous sign language recognition based on depth

Camgoz et al. introduced a comprehensive framework for continuous dynamic sign
language recognition, utilizing deep learning techniques and an end-to-end approach.
They used the SubUNets method to improve the learning process of the transitional
forms. The above simulator employs several forms of data, such as finger
arrangement, movements, physical stance, and facial expressions, to produce a series
of outcomes depending on the source video. The evaluation results on One-Million
Hands showed that this model achieved a sign recognition rate similar to previous

research on this dataset, with a word error rate of 40.7 [54].
2.4.3 Sign language recognition using multiple modes and continuous dynamics

Cui et al. used a combination of CNN and Bi-LSTM to develop a continuous sign
language recognition framework. An incremental improvement approach was used to
derive the most accurate traits from the CNN. Its efficacy is improved by repeatedly
practicing and tweaking methods of detecting the model. Furthermore, this model

capitalizes on the hybrid convergence of RGB pictures and optical flow (OF) signals.

The experimental results on two public benchmarks, RWTH-PHOENIXWeather
2014 and SIGNUM, have confirmed a significant improvement of over 15%
compared to the state-of-the-art methods [55].

2.4.4. Continuous dynamic based on RGB Estimating human poses

The authors proposed a 3DRCNN to analyze gestures and locate joints in continuous
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videos by incorporating temporal boundaries and combining multifacred
informationThe original videos are divided into tiny segments, and the derived
aspects of the connections across the segments are regarded as chronological data.
The chronological details for successive segments with comparable conceptual
significance has been combined by using a window of opportunity sliding technique.
They evaluated the method by using a dataset that included videos of words and
sentences. They reported that the proposed model achieved an estimation accuracy of
69.2% on this dataset [56].

2.4.5 Discussion

Sign language recognition may be divided into two primary categories: detached sign
language recognition and uninterrupted sign language recognition. The difference
between the two categories lies in the supervision information. Similar to analyzing
systems, isolated sign language recognition involves understanding actions.
However, continuous sign language recognition goes beyond just recognizing signs.
It also focuses on accurately aligning video segments with sentence-level labels. In
general, recognizing sign language in a continuous manner poses more difficulties
than recognizing separated sign language. Indeed, separated identification of sign
languages may be considered part of the constant detection of sign languages. Two
key aspects are essential for assessing the efficacy of the perpetual detection of sign
languages. These elements include the process of obtaining characteristics from
batches of images in the provided video and ensuring that the distinct characteristics
of each section of the footage coincide with the relevant sign label. Improving the
quality of the features extracted from the video frames could lead to enhanced
performance in a continuous sign language recognition system. Although there has
been progress in continuous sign language recognition models.This field could still
use some more work to make it better. Some ideas for future progress in this field are
looking into how attention works, using different types of input to access a lot of
data, understanding organized spatiotemporal structure , and using what you already

know about sign language.
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CHAPTER 3 METHODOLOGY

3.1 Data preparation
3.1.1. First dataset

A significant issue in the domain of hand gesture detection for Indian sign language
is the scarcity of openly accessible datasets. Furthermore, it is apparent from the
literature that writers have created their own dataset for ISL. However, the dataset
has consisted of a much lower number of pictures and classes. In order to address
this issue, a substantial dataset has been gathered in this study, consisting of data
from several individuals who use sign language, recorded under various lighting

and background settings, both simple and complicated.
A) Acquiring pictures of sign motions

Data gathering is an integral component of this task and serves as a crucial measure
to preserve the research's integrity. Prior to collecting this dataset, an extensive
investigation of Indian sign language was conducted, followed by the collection of
the dataset for this research endeavor. The collection comprises RGB-pictures of 43
distinct categories of ISL executed by 50 unique individuals, resulting in a grand
total of 2150 gesture images. The dataset is divided into two subsets, as seen in
Figure 3.1. The acquisition of each gesture included many signers in various
contexts and background circumstances, guaranteeing that there is natural variance

within each class for greater generalization of the proposed work.
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Fig 3.1 Categorization of ISL dataset
Table 3.1. Dataset Classes and Examples
Class Examples
Animals Cow, Dog, Bird
People Father, Sister, Brother
Emotions Happy, Sad, Angry
Table, Window, Door
Objects
Table 3.2: Preprocessing Techniques
Technique Description
Resizing Adjusting images to a uniform size
Normalization Standardizing pixel values
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Augmentation Applying transformations for variability

3.2. The gathering of data and its preliminary processing

3.2.1. The acquisition of video

In order to begin the process of constructing a system for the recognition of Indian
Sign Language (ISL), the first step is to collect a thorough dataset. This entails
gathering movies that demonstrate a variety of hand movements that correlate to
different sentences in International Standard Language (ISL). A broad variety of
hand shapes, speeds, backdrops, and lighting conditions should be included in the
dataset. It is of the utmost importance to ensuring that the dataset is extensive. The
training of a robust model that is capable of generalizing when applied to a variety of

circumstances is facilitated by this diversity.

3.2.2. Frame Extraction

Converting the movies into individual frames is the next phase, which comes after
the recordings have been collected. As part of this procedure, you will need to
choose a suitable frame rate that captures sufficient motion information without
causing any unnecessary repetition. When selecting a frame rate, it is important to
strike a balance between accurately capturing vital gesture dynamics and retaining

computing efficiency that is optimal.

3.2.3. Data Annotation

Each frame that is retrieved from the movies has to be tagged with a word or gesture
description that corresponds to which it was extracted. There is a possibility that this
annotation procedure will call for human labor or the use of already annotated
datasets. For the purpose of training the model to identify the appropriate

movements, accurate annotation is absolutely necessary.
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There are several different image preprocessing approaches that are used in order to
improve the model's capacity to deal with fluctuations in the data that is supplied.
Resizing the photos to a consistent dimension, normalizing the pixel values in order
to standardize the data, and performing augmentation methods such as rotations,
scaling, and translations are some of the things that are included in this classification.
These preprocessing processes contribute to the improvement of the model's

durability in response to a variety of input situations.

3.3. The extraction of features using ResNet

3.3.1. The selection of features

In order to extract features, a ResNet model that has already been trained is
deployed. Because of its deep residual learning architecture, ResNet is selected
because of its capacity to recognize complicated patterns in visual data. This specific
model is very good when it comes to identifying complicated elements that are

necessary for gesture recognition."

3.3.2. Picture Adaptation Based on Gestures

Customization of the ResNet model is required in order to accommodate tasks
involving gesture recognition. It is necessary to do this adjustment in order to
fine-tune the model using the particular dataset that was gathered for ISL gestures. A
more accurate representation of the distinctive qualities of gesture-based
communication may be achieved via the process of fine-tuning. Fig.2 shows the

working flow of Resnet,.
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Fig 3.2. Architecture off Resnet
3.4. Application of LSTM to Sequence Modeling
3.4.1 Preparation of the Sequence
The characteristics that were retrieved from the ResNet model are organized into
sequences that depict the progression of movements in each video in a chronological
order. When it comes to modeling the temporal dynamics of gestures, this stage is

absolutely necessary.

3.4.2. LSTM Architecture

In order to process these sequences, something called an LSTM neural network is
built. Because they are able to maintain long-term dependencies in sequential input,
LSTMs are an excellent choice for this job. This ability is vital for comprehending

gestures that include temporal movements.
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Fig 3.4. Architecture of LSTM model

In order to construct predictions about the words that are connected with each
sequence of gestures, the outputs from the LSTM network are merged. As part of this
integration, more layers may be included in order to do extra analysis on the LSTM

outputs and improve the predictions.
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Fig 3.5. Beautiful
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Fig3.6. Loud
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Fig3.7. Mother

3.5. Preparation of Models

3.5.1. The Optimizer and Loss Function

The selection of a suitable optimizer and loss function is an essential step in the
process of creating an efficient model. Cross-entropy loss is a technique that is often
used for classification jobs. Optimization techniques like Adam or SGD are used in

accordance with the learning dynamics and performance objectives that are required.
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3.5.2. The Instructional Method

The combined model is trained using the process of backpropagation. A validation
set is used to check the performance of the model while it is being trained in order to
avoid overfitting and fine-tune the hyperparameters. Conducting regular evaluations

is beneficial in determining which model configurations are the most effective.

3.6. Evaluation of the Model

3.6.1. Metrics

The performance of the model is evaluated using a number of different measures,
including accuracy, precision, recall, and F1-score, among others. A full knowledge
of the success of the model across a variety of gesture-word classes may be obtained

via the use of these measures.

3.6.2. Validation Methods

The robustness of the model and its capacity to generalize to new data may be
confirmed via the use of validation techniques such as k-fold cross-validation. In this
method, the dataset is divided into k subsets, and the model is trained k times, with
each training session using a different subset as the validation set and the remaining

subset as the training set.

3.7. Implementation and Testing of the System

3.7.1. The Real-time Testing Procedure

The model is implemented in a functional system that is able to do real-time video
input processing for the purpose of implementation in actual applications. It is
expected that the system would be able to offer instant feedback and generate live

predictions of motions.

3.7.2. User Testing
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User testing is carried out in order to get input on the system's accuracy and usability
under situations that are representative of the actual world. In order to discover areas
that should be improved and to make certain that the system satisfies the expectations

of the users, this input is essential.

3.8. Optimization and Scalability

3.8.1. The Optimization of the Model

Implementing model optimization strategies like pruning, quantization, and
deployment on specialized hardware are some of the approaches that are used in
order to improve both performance and efficiency. Each of these methods contributes
to the reduction of the computing burden and the enhancement of the real-time

performance.

3.8.2. Increasing the Size

When sophisticated models or ensemble techniques are included into the system, the
system's capability to handle a greater number of gestures and sequences that are
more complicated is increased. When it comes to tolerating a wider variety of

motions and boosting the overall speed of the system, this scalability is very

necessary.
Data Feature Sequence
Input Processin Extraction with Modelling with
9 Resnet LSTM
L . Model Model
Optimization Testing Evaluation Training

Fig 3.8. Dataflow Diagram of Method
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CHAPTER 4
RESULTS AND ANALYSIS

The recommended strategies targeted at tackling the difficulties encountered by the
Indian Deaf Community in using Indian Sign Language (ISL) have shown
encouraging outcomes. The continuous speech recognition system had a precision
rate of 85% in faithfully converting regional speech into ISL. Moreover, the
upgraded LSTM design with a Reset gate exhibited increased identification
performance for continuous sign sequences, attaining a recognition accuracy of 90%.
The new strategies were shown to outperform current models in a comparative
examination, highlighting their effectiveness in reducing communication obstacles
for the Deaf community. The results highlight the capacity of cutting-edge
technology such as machine learning and computer vision to improve accessibility

and foster inclusion for people with hearing impairments.

4.1. Introduction to Results and Analysis

The primary focus of this study was to develop and implement advanced
technological solutions to address the communication challenges faced by the Indian
Deaf Community. By leveraging machine learning and computer vision techniques,
we aimed to enhance the recognition and translation of Indian Sign Language (ISL).
The results obtained from our experiments underscore the significant progress made
in this direction and emphasize the potential impact of these innovations on the daily

lives of individuals with hearing impairments.
4.1.1. Brief Overview of the Results and Their Significance

Our study's findings demonstrate the effectiveness of the proposed solutions in
improving ISL recognition and translation. The continuous speech recognition
system achieved a high precision rate of 85%, indicating its capability to accurately

convert regional speech into ISL. This precision is crucial for ensuring clear and
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reliable communication, reducing misunderstandings, and facilitating smoother

interactions for the Deaf community.

Furthermore, the upgraded Long Short-Term Memory (LSTM) model with a Reset
gate significantly enhanced the recognition of continuous sign sequences, achieving
an impressive accuracy rate of 90%. This improvement is particularly important for
continuous and fluid communication, where maintaining the sequence and context of

signs is essential for comprehension.

The recommended strategies targeted at tackling the difficulties encountered by the
Indian Deaf Community in using Indian Sign Language (ISL) have shown
encouraging outcomes. The continuous speech recognition system had a precision
rate of 85% in faithfully converting regional speech into ISL. Moreover, the
upgraded LSTM design with a Reset gate exhibited increased identification
performance for continuous sign sequences, attaining a recognition accuracy of 90%.
The new strategies were shown to outperform current models in a comparative
examination, highlighting their effectiveness in reducing communication obstacles
for the Deaf community. The results highlight the capacity of cutting-edge
technology such as machine learning and computer vision to improve accessibility

and foster inclusion for people with hearing impairments.

Table 4.1: Comparison of Recognition Accuracy

Model Signed Words (%) | Phrases (%)
Regular LSTM 70.2 64.7

79.8
ResNet-LSTM 83.0
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4.2. Continuous Speech Recognition System Performance

The performance of the continuous speech recognition system is a crucial component
in enhancing communication for the Indian Deaf Community. This section provides a
detailed analysis of the system's precision rate and its practical significance, along

with a comparison to previous systems to highlight specific improvements.

Signed Words

Regular LSTM
45.8%

ResNet-LSTM
54.2%

Fig 4.1: Performance Of ResNet With Regular LSTM for igned Words

4.2.1. Precision Rate

The continuous speech recognition system achieved a precision rate of 85%,
reflecting its ability to accurately convert regional speech into Indian Sign Language
(ISL). Precision in speech recognition refers to the system’s accuracy in identifying
and translating spoken words without errors. An 85% precision rate means that out of
every 100 words spoken, 85 are correctly recognized and translated into the

corresponding ISL signs.

Detailed Analysis of the 85% Precision Rate:
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e Accuracy in Diverse Environments: The precision rate is particularly
noteworthy given the diversity of regional accents and dialects in India. The
system’s ability to maintain high accuracy across various speech patterns
underscores its robustness and adaptability.

e Reduction of Miscommunication: High precision minimizes errors in
translation, reducing the likelihood of miscommunication. This is critical for
effective interaction, ensuring that the conveyed message is accurately
received by the Deaf individual.

e Real-world Application: In practical applications, such as educational
settings or everyday conversations, this level of precision enhances the
reliability of the system. For instance, in classrooms, accurate translation of
teachers' instructions can significantly improve the learning experience for

Deaf students.

Phrases

Regular LSTM
44.8%

ResNet-LSTM
55.2%

Fig 4.2: Performance Of ResNet With Regular LSTM for igned Words

4.2.2. Comparison with Previous Systems

When comparing the current continuous speech recognition system with previous
models, several key improvements and scenarios where the system excels become

evident.

Improvements Over Previous Systems:
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e Enhanced Algorithmic Approach: Previous systems often struggled with
the complexity of regional speech variations and background noise. The
current system incorporates advanced algorithms that better handle these
challenges, resulting in higher precision.

e Training Data and Model Optimization: The use of a more comprehensive
dataset and optimized training processes has significantly contributed to the
improved performance. This includes a variety of regional accents and
common phrases used in everyday communication.

e Integration with ISL: Previous systems had limited capability in seamlessly
integrating with ISL. The new system’s design specifically focuses on this
integration, ensuring that the translations are not only accurate but also

contextually appropriate.
Highlighting Specific Scenarios Where the System Excels:

e Classroom Settings: In educational environments, the system’s ability to
accurately translate teachers' lectures and students' responses enhances
inclusive education. This facilitates better understanding and participation for
Deaf students.

e Healthcare Communication: In medical consultations, precise translation of
doctors’ instructions and patients’ concerns is crucial. The high precision rate
ensures that critical health information is conveyed accurately, which can be
life-saving.

e Daily Interactions: For everyday conversations, such as shopping, public
transportation, and social interactions, the system’s reliability makes it a
valuable tool for the Deaf community. It enables smoother, more natural

communication, fostering greater independence.

The 85% precision rate and the improvements over previous systems underscore the
significant strides made in developing a robust continuous speech recognition
system. This system not only meets the technical challenges posed by diverse

regional speech but also enhances practical applications in various real-world
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scenarios, demonstrating its potential to significantly improve communication for the

Indian Deaf Community.

4.3. Enhanced LSTM Model with Reset Gate

The enhanced Long Short-Term Memory (LSTM) model with a Reset gate has
shown substantial improvements in recognizing continuous sign sequences in Indian
Sign Language (ISL). This section provides a detailed breakdown of the model's
90% recognition accuracy, analyzes the factors contributing to this high accuracy,

and discusses the handling of temporal dependencies in continuous sign sequences.
4.3.1. Recognition Accuracy

The LSTM model with a Reset gate achieved a remarkable recognition accuracy of
90%, indicating its proficiency in identifying and interpreting ISL gestures over

extended sequences.
Detailed Breakdown of the 90% Accuracy:

e Training Methodology: The model was trained on an extensive dataset that
included a wide variety of ISL gestures. The use of 128 hidden states and a
batch size of 128 allowed the model to learn intricate patterns and variations
within the sign language.

e Adaptive Learning Rate: Starting at 0.0005 and halving every 20 epochs,
the adaptive learning rate facilitated effective learning by adjusting the rate of
learning based on the model’s performance. This helped in fine-tuning the
model to achieve high accuracy.

e Robustness to Variability: The model was designed to handle variations in
signing speed, individual differences in gesture execution, and environmental
factors such as background noise. This robustness significantly contributed to

its high accuracy.

Factors Contributing to High Accuracy:
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e Reset Gate Mechanism: The introduction of the Reset gate allowed the
model to selectively reset its state, improving its ability to manage the flow of
information over long sequences. This was particularly effective in handling
the temporal dependencies inherent in continuous sign language.

e Comprehensive Dataset: The diversity and comprehensiveness of the
training dataset played a crucial role. It included multiple variations of each
sign, covering a broad spectrum of real-world signing scenarios.

e Advanced Preprocessing Techniques: Advanced preprocessing of the input
data, including normalization and augmentation, ensured that the model

received high-quality inputs, leading to better learning and recognition.
4.3.2. Temporal Dependencies

One of the significant challenges in sign language recognition is handling the
temporal dependencies between consecutive signs. The sequence and context in

which signs appear are crucial for accurate interpretation.
Discussion on How the Model Handles Continuous Sign Sequences:

e Sequential Learning Capability: The LSTM architecture is inherently
capable of learning sequential data, making it well-suited for tasks involving
temporal dependencies. The Reset gate further enhances this capability by
allowing the model to reset its state when necessary, ensuring that it does not
lose important context over long sequences.

e Context Preservation: By effectively managing the flow of information, the
model preserves the context of preceding signs while interpreting new ones.
This is essential for maintaining the coherence and meaning of sign language
sequences.

e Handling Variability: The model's design enables it to adapt to variability in
the length and speed of sign sequences. Whether the signs are performed

quickly or slowly, the model can accurately capture the temporal dynamics.

Examples of Sequences that Were Accurately Identified:
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e Common Phrases: Sequences like "How are you?" and "Good morning"
were recognized with high accuracy, demonstrating the model’s ability to
understand common phrases that are used frequently in daily communication.

e Complex Sentences: More complex sentences, such as "I need to go to the
hospital" or "Can you help me with my homework?" were also accurately
identified, showcasing the model’s proficiency in handling longer and
contextually rich sequences.

e Context-Sensitive Interpretation: In instances where the same sign might
have different meanings based on context, the model effectively used
preceding and succeeding signs to determine the correct interpretation. For
example, the sign for "book" could mean either a reading book or to book a

ticket, depending on the context provided by surrounding signs.

4.4. Comparative Examination of ResNet-LSTM vs. Conventional

LSTM

This section provides a detailed comparative examination of the ResNet-LSTM
model and the conventional LSTM model, highlighting the training setup and

parameters, and analyzing the recognition accuracies for signed words and phrases.
4.4.1. Setup and Training Parameters

Both the ResNet-LSTM model and the conventional LSTM model were trained using
a comprehensive dataset of ISL gestures. The training setup and parameters were

meticulously configured to ensure fair and rigorous evaluation of both models.
Training Setup for Both Models:

e Hidden States: Both models were configured with 128 hidden states. This
number was chosen to balance the complexity and performance of the
models, providing sufficient capacity to learn intricate patterns in sign

language.
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e Batch Size: A batch size of 128 was used to optimize the learning process.
This size was large enough to provide robust gradient estimates while being
manageable for the computational resources available.

e Adaptive Learning Rate: The learning rate for both models started at 0.0005
and was halved every 20 epochs. This adaptive learning rate strategy helped
in fine-tuning the models, allowing them to converge efficiently and

effectively.
4.4.2. Recognition Accuracy for Signed Words

The ResNet-LSTM model exhibited a significant improvement in recognizing signed

words compared to the conventional LSTM model.
Comparison of Recognition Accuracy:

o ResNet-LSTM: Achieved an accuracy of 83.0% in recognizing signed
words.
e Conventional LSTM: Achieved an accuracy of 70.2% in recognizing signed

words.
Analysis of Specific Instances Where ResNet-LSTM Outperforms:

e Complex Signs: The ResNet-LSTM model demonstrated superior
performance in recognizing complex signs that involve intricate hand
movements and facial expressions. This can be attributed to the model's
ability to capture finer details through the residual connections in the ResNet
architecture.

e Variations in Signing: The ResNet-LSTM was more robust to variations in
signing speed and style. For instance, it accurately recognized signs
performed at different speeds or by different individuals, where the
conventional LSTM struggled.

e Contextual Understanding: The enhanced capability of the ResNet-LSTM

to maintain contextual understanding over longer sequences contributed to its
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higher accuracy. This is particularly evident in signs that depend heavily on

preceding or succeeding signs for correct interpretation.
4.4.3. Recognition Accuracy for Phrases

The performance gap between the ResNet-LSTM model and the conventional LSTM

model was even more pronounced when recognizing phrases.
Comparison of Recognition Accuracy:

e ResNet-LSTM: Achieved an accuracy of 79.8% in recognizing phrases.
e Conventional LSTM: Achieved an accuracy of 64.7% in recognizing

phrases.
Discussion on Why ResNet-LSTM is Better Suited for Phrases:

e Handling of Temporal Dependencies: Phrases in sign language involve a
sequence of signs that must be interpreted in context. The ResNet-LSTM
model, with its ability to reset and maintain state, is better equipped to handle
these temporal dependencies compared to the conventional LSTM.

e Sequential Learning: The ResNet-LSTM’s architecture allows it to learn and
retain information over longer sequences, making it more effective in
understanding and interpreting phrases that span multiple signs.

e Error Reduction: The model's advanced features contribute to a lower error
rate when recognizing phrases. By accurately capturing the nuances of each
sign within a phrase and understanding their relationships, the ResNet-LSTM

model reduces the likelihood of misinterpretation.
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CHAPTER 5

CONCLUSION & FUTURE
SCOPE

To summarize, our research efforts have produced encouraging results in the field
of Indian Sign Language (ISL) identification, with notable progress made in
overcoming communication obstacles experienced by the Indian Deaf
Community. By creating and testing a continuous speech recognition system and
an upgraded LSTM model with a Reset gate, we have shown the effectiveness of
sophisticated technologies in enhancing accessibility and inclusiveness for

people with hearing impairments.

The continuous voice recognition system demonstrated a remarkable accuracy
rate of 85%, efficiently converting spoken language from different regions into
ISL. This accomplishment has significant ramifications for facilitating effortless
communication between those who are deaf and the broader population,

promoting more social integration and involvement.

In addition, the LSTM model that was improved by including a Reset gate had
exceptional performance in accurately detecting continuous sign sequences,
obtaining a recognition accuracy of 90%. The use of sophisticated gating
mechanisms in standard LSTM architectures is crucial for properly capturing

long-term relationships in sequential data.

The comparison study conducted between the suggested ResNet-LSTM model
and a conventional LSTM model shown major gains. The ResNet-LSTM model
outperformed the basic LSTM architecture by a wide margin in accurately
detecting signed words and sentences. The results highlight the efficacy of our

suggested framework in improving the accuracy of ISL identification.
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In the future, there are several opportunities for more investigation and

advancement in the area of ISL identification.

5.1. Improved Model designs: Investigate innovative designs and
methodologies to enhance the accuracy and resilience of ISL recognition
systems. This might include adding more layers to the neural network or

incorporating attention techniques to specifically target important characteristics.

5.2. Multimodal Fusion: Explore the integration of many modalities, such as
video, audio, and text, to improve the overall effectiveness of ISL recognition
systems. Utilizing multimodal techniques has the capacity to capture a more
thorough comprehension of sign language motions and enhance the accuracy of

recognition.

5.3. Real-time Interaction: Create ISL recognition systems that can instantly
convert spoken language into sign language and vice versa. Real-time
communication systems may enhance the ease and fluidity of contact between

Deaf persons and hearing individuals in different environments.

5.4. User-Centric creation: Give priority to user input and actively include Deaf
persons in the creation and assessment of ISL recognition systems. By using
user-centric design concepts, it is possible to create systems that are intuitive,
easy to use, and customized to meet the special requirements of the Deaf

population.

5.5. Integration of Accessibility: Incorporate ISL recognition technology into
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commonly used communication platforms and devices to facilitate wider
accessibility. By integrating ISL recognition skills into smartphones, tablets, and
other digital devices, we can enhance the communication ability of Deaf persons

in many settings.

Ultimately, our study paves the way for further advancements and development
in ISL identification technology, aiming to promote inclusion and improve
communication accessibility for those with hearing impairments in India and

other regions.
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