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Abstract

Sign languages play a vital role in the life of Deaf and Hard-of-Hearing people, as this
type of communication enables them to share the ideas as visual signs rather than verbal
or written components. Nevertheless, even though communication gaps are eliminated
when the signers communicate with individuals with knowledge of the sign language,
there is still the existence of communication gaps in the interaction of the signers with
those who do not speak the sign language, particularly in emergency cases, public services,
and education. The mentioned challenges demonstrate the necessity of simpler and more
affordable tools capable of identifying sign language and converting it into a different
format that could be understood by other people. The proposed study is a multilingual
image recognizing system to find out hand signs in three popular sign languages: Bangla
Sign Language (BdSL), American Sign Language (ASL) and Indian Sign Language (ISL).
The goal is to develop a useful and portable model that is able to categorize the static
hand gestures and assist future translation applications. The two deep learning mod-
els, ResNet50 and EfficientNetB0, were chosen in this paper because of their accuracy,
speed, and the cost of computing. Having gathered and processed the sets of data of
the three sign languages, all the pictures were scaled, normalized, and split into training,
validation, and testing subsets. The two models were trained in the same environment
in order to come up with a fair comparison. ResNetb0 was found to be highly effective
in learning finer visual details, which is why it is efficient in differentiating the signs that
have similar shapes. EfficientNetB0 was very competitive in accuracy and the computa-
tion cost was much lower hence it can be used in lightweight or portable systems. These
findings have shown that it is possible to develop an image-based multilingual sign lan-
guage recognition system with the help of the latest deep learning models. The study is
associated with limitations despite the positive results it demonstrates. The system can
only be trained on still images and is not able to understand continuous gestures, hand
movements, and the expressions at the sentence level. The consistency of predictions in
the real world can also be influenced by differences in lighting conditions, camera angles,
and variations among datasets in the signers. Moreover, the available work is limited

to three of the sign languages and also tends to recognize alphabets instead of words



or phrases. In order to overcome these shortcomings, the future research could employ
video-based data that can record movement and enable models to acquire time-related
information. To enhance the ability to recognize dynamic gestures, it may be advis-
able to integrate sequence-learning methods, including transformer-based architectures
or LSTM-based networks. The framework can be made more practical and applicable in
the daily communication by expanding the system to accommodate more sign languages
and creating a real-time mobile or web-based application. The system can be further im-
proved, including better data augmentation and signer-independent trainers, which can
assist the system in generalizing more effectively to a wide range of users. Such initiatives
are eventually likely to result in a multilingual sign language translation option that is
more inclusive and hence allows easier communication between Deaf people and the rest

of the society.

Keywords— Sign Language Recognition, Multilingual Translation, Bangla Sign Language
(BdSL), American Sign Language (ASL), Indian Sign Language (ISL), Deep Learning, Image
Classification, ResNet50, EfficientNetB0, Computer Vision.



Chapter 1

Introduction

1.1 Background

Sign languages are full visual languages, which make use of shapes of hands, hand motions, facial
expressions and body language to convey a meaning [I]. They are used as the first language
of millions of Deaf and hard-of-hearing people belonging to different parts of the world. But,
not all sign languages are universal [2], [I] and every region has a particular system that is
influenced by the cultural and linguistic factors. As an illustration, American Sign Language
(ASL), Indian Sign Language (ISL), and Bangladeshi Sign Language (BdSL) have a great deal
of differences in grammar, words, and composition [2]. The three languages were selected to
conduct this study as they are used widely, and loanwords that are discussed in this work have

alphabet-based datasets that are appropriate in the context of research on image classification.

Over 466 million people in the world currently experience disabling hearing loss and this figure
is expected to rise shortly in the next decades [3], [4], [5]. In Bangladesh, one of the countries,
hundreds of thousands of people use BASL in their daily communication [6] . Although sign
languages are quite common, Deaf people tend to have difficulties in communication in schools,
hospitals, emergency services, and during an interaction with the rest of the population since
not all trained interpreters are available [6]. Based on these challenges, there is a need to have

dependable and affordable technological solutions that can be used to minimize communication

gaps.

The recent developments in deep learning and computer vision made the automated sign lan-
guage recognition promising. Convolutional neural networks (CNNs) have exhibited good per-
formance in image tasks due to the ability to learn discriminative features of the visual image
including hand shapes and minor variations of fingers [2] . ResNet and EfficientNet are the
models that are now popular because of their predictable training behavior and the ability to

learn meaningful patterns on images with high accuracy. Their effectiveness in classifying im-



ages render them the right candidates in noticing alphabets of the sign language that are in

motion.

This study takes these advancements to discuss a multi-lingual model of recognition that can
detect the signs of BASL, ASL, and ISL. The research compares the results of ResNet and
EfficientNet on three language datasets in these three languages and explores to what extent
a single method can be applicable to other sign language systems. This background gives the
impetus to the development of multilingual sign language translation aids based on deep learning
and preconditions the further expansion of the arsenal in terms of providing communication

assistance in real time.

1.2 Problem Statement

The individuals who are dependent on sign language usually have barriers to communication
when communicating with people who do not comprehend their signs. Such obstacles influence
most of the key activities such as education, health services, government services and emergency
communication [6]. It is even more difficult in the case of multilingual settings where other sign
languages are employed, e.g., BASL in Bangladesh and ASL abroad or ISL in the local area [2].
Despite sign languages being a full-fledged visual language in the case of Deaf community [1] ,
the majority of the existing recognition systems are restricted to one language, which is rather

restrictive in real-life contexts when there is a need to communicate in more than one language.

The system is in need of a lightweight and computationally efficient image based recognition
system capable of detecting signs in more than one language with a common approach. Nev-
ertheless, it is difficult to construct such system because of differences in gesture patterns,
discrepancy in data quality, lighting effects and visual similarity of the shapes of hands in dif-
ferent languages [3] . To deal with such variations effectively, it is necessary to choose deep

learning models that could extract meaningful visual features of different sign datasets.

The proposed research seeks to solve these problems by working on the creation of a multilingual
sign language recognition system based on two popular image classification models, ResNet and
EfficientNet. It is aimed at assessing the capacity of these models to identify indications of

BdSL, ASL, and ISL and to learn their advantage and disadvantage in a bilingual environment

7.

1.3 Objectives

This project is primarily aimed at creating a multilingual sign language recognition system

based on deep learning models on images. The following objectives are specific to the study to



attain the goal:

e To develop a single recognition system capable of categorizing hand signs of the Bangla Sign
Language (BdSL), American Sign Language (ASL) and Indian Sign language (ISL).

e To build and arrange data on multilingual sign language, image processing (preprocessing and
normalization) as well as adequate partitioning (training, validation, testing) are needed.

e To apply and test two deep learning models, ResNet, and EfficientNet, to test their effective-
ness in multilingual sign language classification tasks.

e To compare the relative accuracy, stability and general performance of the two models under
the same experimental circumstances to know their respective strengths.

e To determine the advantage and the drawback of image based classification toward multilin-

gual sign language recognition.

1.4 Scopes

In this project, the author is planning to work on the creation of an image-based system capable
of identifying and recognizing hand signs of the Bangla Sign Language (BdSL), American Sign
Language (ASL), and Indian Sign Language (ISL) as a result of deep learning. The experiment
is confined to the images of alphabet-level hand signs at rest, and all the classification tasks are
conducted with the help of the ResNet and EfficientNet models. The datasets applied in this
study were gathered, processed, and formatted to be trained, validated, and tested under this

specific area.

There is no real-time detection, constant gesture detection and dynamic motion analysis or
translation of complete sentences in the project. Neither does it deal with signer recognition,
hand tracking or variance in representation by other viewpoints of the camera. Rather, the
research will focus on assessing the effectiveness of the choice of models in recognizing multilin-
gual hand signs in regulated image-based testing settings. The scope also involves training the
models, comparing their accuracy, and their stability, preparing balanced datasets and making

preprocessing steps.

Through these tasks, the project would grasp the advantages and drawbacks of image-based
deep learning models, to multilingual sign language recognition. The results of the current
work will assist in directing further studies on real-time systems, video-based recognition, and

multilingual translation systems of large scale.



Chapter 2

Literature Review

2.1 Related Works

Sign language recognition has grown massively in the last decade with deep learning models
being highly effective in arriving at visual patterns in hand gestures. Initial researchers were
forced to use conventional machine learning and manually created features, but the advent of
convolutional neural networks (CNNs) allowed achieving impressive gains in classification ac-
curacy. Much of the available literature has concentrated on one sign language and researchers
have come up with isolated solutions to BASL, ASL, or ISL instead of multilingual systems.
The subsequent review is a summary of the contributions that have been made and the gap
that will inspire this research.

Image-based recognition has been studied in a few studies of Bangladesh Sign Language, and
they employ CNN models. Hadiuzzaman et al [8] presented the BASL47 dataset which owns
the RGB and depth pictures of all BASL alphabets and showed promising performance with the
CNN-based classifiers [7]. Their work defined the significance of size of data set, image quality
as well as diversity of signers to obtain credible results. Other studies on BdSL investigated how
it can be applied in the real world, including real-time translation and sentence construction,
and the growing necessity of precise and implementable BASL recognition systems [6]. These
experiments demonstrate that CNNs are capable of learning pertinent features of hands in the
case of a still image, however, it also indicates obstacles in the event of a gesture possessing a
slight finger-level variation.

The study of American Sign Language (ASL) is relatively larger because of the accessibility
of big groups of data. Variants of CNN are used in many ASL works to group alphabet signs
based on image input or depth input. To illustrate that, more complex architectures like VGG
or ResNet have been used in several studies to capture finer details of variations in hand shapes
[2]. These models always do better than the shallow CNNs, as the deeper layers can learn hier-

archical representations of features. Diversity of the dataset is also important in the studies of



ASL, where gestures differ greatly among signers, and across lighting and perspective. Despite
the good results obtained in these works, they are limited to one language and do not cover the
cross-language recognition.

This has been the case with Indian Sign Language (ISL) research. Most ISL systems make
use of the imagebased datasets that are taken in the controlled laboratory settings, and the
CNNs are trained to identify single gestures or alphabats. There are studies which have applied
architectures allied to ResNet to detect ISL signs and have shown that more complex hand
shapes can be better handled using deeper networks than shallow models [I]. Nevertheless, ISL
datasets are generally smaller, and performance tends to reduce in case models are evaluated on
images taken with varied light or camera configurations. These constraints make it clear that
models that can be generalized to different conditions are required.

Deep learning has continued to provide great potential across all three languages: BdSL, ASL
and ISL. ResNet and EfficientNet models have gained popularity in the models and are regarded
as strong with regard to extracting features. The skip connections of ResNet also prevent the
vanishing gradients in the training of deep networks, which allows the learning of detailed visual
features to occur effectively [3]. EfficientNet on the other hand scales depth width and reso-
lution equally across and thus can be trained to be competitive with much lower parameters
[4] . Comparison of CNN versions has consistently demonstrated that more elaborate or better
scaled architectures achieve high classification accuracy, especially on the more subtle gestures
that require delicate finger movement, or on gestures that resemble each other in shape. In
spite of these developments, the majority of the existing works only identify monolingually.
The systems that are trained on BASL, ASL, or ISL only cannot be used in case of a multilin-
gual environment, where the styles of gestures, convention of signing, and the structure of the
alphabet differs significantly. Some recent studies tried cross-language training through com-
bining dataset or using transfer learning methods but face various challenges such as dataset
asymmetry, the appearance of gestures and inconsistent image quality [7]. Interference factors
like variation in backgrounds, difference in hand size and variation by signers also complicate
the process of developing uniform recognition systems. Multilingual sign language recognition
is an area where there is still a gap in research. The current research on BdSL, ASL, and
ISL proves that deep learning is effective in solving singlelanguage tasks, however, no scalable
method is reported to solve unified recognition across languages. Based on the prior knowledge,
this project compares two contemporary deep learning models, namely ResNet and Efficient-
Net, to three distinct sign languages in one system. The research has provided insights into
the performance of these models on multilingual data, which can help in the creation of more
general-purposive and inclusive sign language recognisers that can be used to accommodate the
wider communication requirements.

Other research papers have examined the difficulties in developing effective sign language recog-
nition systems that can serve different users. A common finding in BdSL, ASL, and ISL studies
is that intra-class variation is very high, i.e. the same sign might look different when used by
different signers, depending on the shape of their hands, their angle of attack, their skin colour

or the surroundings. Some BdSL research observations were that models are not always capable



of differentiating between gestures with small rotations of fingers or those with similar shapes
[6]. It was found that identical observations also apply to ASL works, where they find that
deeper architectures like ResNet offer better learning by learning finer-scale spatial patterns
that simpler CNNs cannot learn [2]. These results support the relevance of powerful feature
extractors in the context of similar hand gestures that are visually related to each other.

The other major finding in the literature is that the quality and variety of the datasets affect
the performance of the models. Most of the previous researches on BdSL and ISL used the
small datasets that were captured in controlled settings and so the trained models had low
generalization potential. Investigations emphasized that even the highly accurate models failed
to perform well when they were tested on pictures of different backgrounds, where there was
variation in lighting intensities or where the hand orientation was not used in the training ma-
terial [I]. This drawback directly stimulates the necessity of multilingual data sets and different
image samples. The ability of EfficientNet to scale up when changing and scaling its archi-
tecture, combined with its residual learning structure, has additionally granted ResNet-based
classifiers a greater resilience to noisy or changing datasets [3], whereas the compound scaling
of EfficientNet has maintained a consistent performance even when datasets vary significantly
in terms of resolution or quality [4].

These are the strengths that make the two models appropriate in multilingual sign recognition.
Applied to ASL and ISL, the impact of transfer learning was also investigated by researchers.
Base models typically included the pretrained CNNs, like ResNet and EfficientNet, and retrain-
ing of classification layers on sign language images. This method saves a lot of time in training
and is also more accurate, particularly when the size of the datasets is small. Various researchers
found that transfer learning methods are better than models trained directly since they already
contain pretrained weights that have general visual patterns which can be transferred to hand
shapes and gesture features. Such findings indicate that the current architectures are capable of
delivering high performance with relatively small datasets under the condition that the training
process is organized and is backed with high-quality annotations.

The sign recognition research of cross-language sign recognition is minimal but provides re-
sourceful insights to this study. Some recent studies have tried to combine datasets of various
sign languages to determine whether the CNNs could make cross-linguistic predictions between
languages whose alphabets and gesture shapes were different. These researches identified that
although other models like the ResNet are capable of identifying certain cross-language ges-
tures, the accuracy tends to decrease when the feature changes are substantial, or when the
alphabets are based on contrasting structure rules [7]. This implies that multilingual recog-
nition can indeed be achieved but with models that are able to acquire language specific and
shared gesture features. The ability to scale effectively makes EfficientNet to be reported to be
efficient in multilingual environment thanks to its balanced structure and reasonable use of the
parameters [4]. These capacities closely go in line with the development objectives of having a
single multilingual system.

There is also an increasing literature on the practical significance of constructing systems that

facilitate the use of multiple sign languages, as opposed to the construction of individual models



of each language. The real-life user can be expected to come in contact with other users who
belong to different language groups, particularly when attending schools and colleges, and also
throughout the online communications. The users of BASL in Bangladesh, in their turn, are
often exposed to ASL signs in online content, and the users of ISL can communicate in BdSL
or ASL in local or global community. Such situations cannot be covered by the existing single
language models as they lack generalization outside their training language [6]. This drawback
makes the argument of multilingual structures more compelling and encourages more studies
on models that can be trained to use multiple alphabets with a single training paradigm.
Lastly, various articles talk about the need of the computational efficiency of deploying a sign
recognition system to a real world setting. High-parameter models can be very good at accu-
racy, however can be unusable in low-resource environments such as a mobile phone, or other
South Asian settings with limited resources. The literature has repeatedly pointed out the de-
sirable tradeoff between accuracy and the cost of computation as evidence of the adequacy of
EfficientNet [4]. Its architecture is scalable thus appropriate in light applications such as smart
phone-based sign language recognition. Although ResNet is computationally more demanding,
it is still stable in learning and reliable in feature extraction and can therefore be used as a
formidable benchmark when analysing the performance of different models across languages.
Through a comparison of the two architectures, past researches afford great information to the
choice of models that are accurate and practical in application.

Altogether, the current literature proves that the single-language sign recognition is already on
a high level, but also indicates the definite gaps in the field of multilingual studies. The vast
majority of researches are also restricted to BASL, ASL, or ISL alone and do not even seek to
train or assess models that are capable of identifying gestures of more than one sign language at
a time. There are very few works that apply ResNet or EfficientNet to do unified multilingual
classification, and none of them united all three languages: BdSL, ASL, and ISL in a single
framework. This is the gap that the current research is based on. Through the comparison of
ResNet and EfficientNet on the basis of multilingual data, this study can make a new contri-
bution to the model performance in cross-linguistic settings and promote the creation of more

inclusive and integrated sign language recognition platforms.



Chapter 3

Dataset Description

3.1 Datasets

The datasets of this work were gathered in the most popular, open sources on Kaggle. These
data sets are samples of hand signs in three languages of signs: the Bangla Sign Language
(BdSL) [9], the American Sign Language (ASL) [10], and the Indian Sign Language (ISL) [11].
As the main goal of the current study is to create a multilingual sign language recognition
system, it was important to choose the datasets that represent different geographical areas and
methods of signing. The databases are unique in terms of the characteristics of their images
such as image resolution, complexity of the background, orientation of the hands, posture,
and the lighting circumstances. This diversity can assist the trained models to acquire strong
and generalized features and hence limited reliance on a single dataset or controlled space and

enhanced performance in the real-world. Each dataset has sample images as shown in Fig.

3.1.1 Dataset Overview

e BdSL: The data of BASL consists of the total number of 47,000 RGB images that depict
the 47 sign classes that comprise 10 digits and 37 letters and were made by 10 different
signers. The dataset represents a great range of the variations of hand shape, skin tones,
hand size, signing angle, and orientation, as well as lighting and background environments.
Although there were controlled and indoor-based lighting, there are also those that have
natural and uneven light conditions. All pictures were reduced to 640 x 480 pixels.

Due to the presence of many signers, the dataset has diversity in terms of hand appearance
and signing style and would be very useful in training models that can work well in the
actual conditions of the real world. This dataset can serve as a good starting point even
though ASL is younger than BdSL datasets, as alphabet and digit-level classification

can be performed with the help of this dataset.dataset provides a strong foundation for
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((a)) BASL: sign02 ((b)) BASL: sign07 ((c)) BASL: sign41l

() ASL: a ((h)) ASL: 1 ((i)) ASL: w

Figure 3.1: Sample images from the three sign language datasets used in this study. Each
row shows three signs with their corresponding alphabet meaning: BdASL (top row), ISL
(second row), and ASL (bottom row).

alphabet- and digit-level classification.

e ASL: The ASL Fingerspelling dataset is composed of RGB and depth images of 24 letters
of the English alphabet (except X or Z). Five non-native signers were used to collect the
data using a Microsoft Kinet sensor. Despite the availability of depth information, this
study only used the RGB images in this study to ensure that there was consistency in all
the three languages used.

ASL datasets tend to be larger and more standardized since they have been widely used in
the world research. The photographs in this project feature the samples of various people
and are filmed slightly different viewing angles. These variations enable the model to be
learned to understand that the same sign can be represented differently by varying hand

orientation, finger placement and camera angle which enhances recognition strength.

e ISL: There are about 1,200 images per class in the ISL dataset of 35 handshapes of the
Indian Sign Language. The data were collected over several external and self-created

sources leading to high variance in the lighting conditions, the complexity of the back-

11



ground, and the shapes of hands, and signer styles.

ISL images have heavy shadows and complicated backgrounds, in comparison with BdSL
and ASL, and create further training challenges. Nonetheless, it also adds value to the
dataset in terms of building a model that is resistant to environmental change. The fact
that the use of ISL has a large populace in India means that the dataset has a natural
pull to diverse range of signers and hand shapes, which will increase the ability of the

model to extract features.

3.1.2 Dataset Collection

The data utilized in this study was gathered through publicly available sources and three big sign
languages, including Bangla Sign Language (BdSL), American Sign Language (ASL), and Indian
Sign Language (ISL). The individual datasets were initially generated in varying acquisition
conditions and experimental configurations which added natural diversity in terms of signer
traits, background conditions as well as quality of the images. This heterogeneity was necessary

to create a strong multilingual system of sign language recognition:

e BdSL: The BdSL data comprises a very high amount of images that encompass the
Bangla alphabet and numbers. The photographs were obtained among various signers,
thus, the images contained natural diversity of skin tone, hand form, size of hands, angles
of signing, and speed of motions. The controlled indoor light conditions were used to
capture some of the samples whereas the nature and uneven light conditions were used
to capture the rest. Such variation makes the dataset more complicated and more useful
in that the model was trained to be able to provide responses to irregularities in the real
world. BdSL datasets are quite new in comparison with the ASL ones, but they offer a

robust basis on the classification of alphabets and figures.

e ASL: The ASL dataset consists of structured pictures of the English alphabet which are
gathered with the help of a Microsoft Kinet device which records both color and depth
data. The signs were repeated more than once by five non-native signers, which made
the dataset record the minor changes in the hand orientation, finger positioning, and the
posture of signing. The RGB images were utilized in this research although the data of
depth were also available to facilitate the case of consistency in all three sign languages.
The ASL datasets are usually larger and more uniform because of their huge worldwide

research application and the standardized conditions of acquisition.

e ISL: The ISL dataset has been made up of images depicting the ISL alphabet and common
used hand gestures. In contrast to BASL and ASL, the ISL dataset also covers more
complicated backgrounds, more prominent shadows and variable conditions of light, which
is more difficult yet more productive in enhancing the robustness of the models. The

data set shows a broad combination of hand shapes and finger positions as the signers

12



are diverse from a large population in India. This has a broad range of variation, which

adds more feature extraction and generalization to the model.

3.1.3 Dataset Preparation

After collecting the datasets, the second task was to prepare the datasets in a way in which
the deep learning models could learn successfully. As the pictures were the product of various
sources of the masses, and were not organized in a single structure, it was necessary to prepare
the data sets in order to achieve uniformity and trustworthiness. This phase entailed cleaning
of images, resizing, organization of folders and labeling of classes.

The initial stage of preparing the data was the standardization of the size of images. The images
in the original datasets had different resolutions, thus, all of them were re-sized to a common
resolution of 224 x 224 pixels to fit the input specifications of the ResNet and EfficientNet
models. By having a consistent image size, one is able to extract features and also makes it
compatible to all the experiments. Also, all images were converted to the RGB color format to

remove any discrepancies due to the differences in grayscale or multi-channel differences.

This was followed by pixel value normalization. The pixel intensities were divided by 255 to
bring them to the range [0, 1]. This action increases the stability of the training, convergence,
and overall generalization. Given that the datasets were sampled in varying lighting conditions,

normalization was also useful in eliminating illumination variations.

After some basic preprocessing was done, much work was devoted to the annotation of the
datasets and reorganization of folders. Due to the fact that the different contributors have
developed each dataset, there was inconsistency in the naming conventions, folders hierarchy
and class labeling formats. All folders were renamed in regards to the real alphabet or gesture
names to make the training pipeline clean. This was a highly crucial step since the model uses

the name of folders as a direct determinant of class identities.

To further enhance the quality of the dataset, all extraneous files such as text files, damaged
images and misclassified samples were eliminated. Manual inspection was also done carefully to
determine and eliminate the wrong or noisy samples. This cleaning procedure greatly decreased

label noise and raised dataset reliability.

3.1.4 Data Preprocessing

Following the preparation and annotation of the datasets, more advanced preprocessing was
done to enhance model performance. Through a common preprocessing pipeline, all images

were processed to guarantee that the multilingual dataset was homogeneous.

The preprocessing steps included:
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Image Resizing: All images were resized to 224 x 224 pixels.
Normalization: Pixel values were scaled to [0, 1].
Color Standardization: All images were maintained in RGB format.

These measures were to make sure that the deep learning models are presented with a stan-
dardized input irrespective of the origin of the data. This standardization is necessary to the

objective training and it is more so in a multilingual classification setting.

3.1.5 Data Balancing and Preparation

Once preprocessing and annotation were completed, the other significant step was balancing
the dataset, and preparing it to be used in training the model. The samples per class was
very uneven considering the fact that the images were obtained in various sources. There were
alphabets that had hundreds of images and some with few dozen images. Such unbalanced
data would be subject to training and influence the model towards higher sample classes and

adversely impact fairness and general performance.

In order to solve this problem, a balancing approach to classes was used. A certain amount of
images was picked within each class such that there was an equal number of training samples
in each class. This process decreased the number of images, but formed an equal, smooth, and

objective dataset of all the three sign languages.

Once the dataset was balanced, the images were divided into three subsets:

e Training set: Used to train the model and learn feature patterns.
e Validation set: Used to monitor training performance and detect overfitting.

e Testing set: Used only for final performance evaluation on unseen data.

Images were randomly mixed and split to avoid the ordering effect. This was done so that the
samples of BASL, ASL and ISL were distributed equally in all subsets..

The dataset was organized to a clean directory hierarchy to support the efficient training and
evaluation. All the sign languages and words were maintained in distinctly marked folders

within their respective training, validation and test folders.

Conclusively, data balancing and preparation stage was vital in providing fairness, stability
and accuracy of the multilingual sign language classification system. These procedures were
necessary to guarantee that the input data provided to ResNet and EfficientNet models were
of high quality, balanced, and well-structured, thus allowing to conduct reliable performance

assessment and make sense of model comparison.
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Chapter 4

Methodology

4.1 List of tools used

This project involved the use of both hardware and software to prepare the data, train the

models and analyze the results. The tools were chosen according to availability, ease to use,

and their capabilities to be used in deep learning and image processing applications.

4.1.1 Hardware Specifications

All the models are trained and tested in Google Colab [12]. The hardware specifications of the

experimental setup used in this study are summarized in Table

Table 4.1: List of Hardware Specifications

Parameter Specification (Google Colab)
CPU Model Intel(R) Xeon(R)

CPU Frequency 2.20-2.30 GHz

Number of CPU Cores | 2

GPU Model NVIDIA Tesla T4 / P100

GPU Memory 12-16 GB

RAM 12 GB

4.1.2 Software Specifications

The software libraries and tools used for model development, training, and evaluation are sum-

marized in Table 4.2
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Table 4.2: Software Libraries and Tools Used in This

Library / Tool | Generic Name | Version
NumPy numpy 1.23+
Pandas pandas 1.5+
TensorFlow tensorflow 2.12.0
Keras keras 2.12+
PyTorch torch 2.1
OpenCV cv2 4.7.0
Matplotlib matplotlib 3.7+
Scikit-learn sklearn 1.2+

The experiments were conducted using NumPy [I3], Pandas [I4], TensorFlow [15], Keras [16],
PyTorch [17], OpenCV [1§], Matplotlib [19], and Scikit-learn [20].

4.2 Methods

o Class-wise|

BdSL ASL ISL y o a 5 ) ! * AUROC
Dataset Preprocessing Data Splitting Model Selection & Prediction Sign Evaluation
Collection « Resize: 224x224 Training Classification Metrics & Analysis
« Normalize: 0to1 * Custom Top Layers « Accuracy
« 2-Stage Training « Class-wise
+« AUROC

Figure 4.1: Research workflow showing the main steps followed in this study.

The entire sequence of the present research can be presented in a step-by-step diagram, which
is displayed in Fig. It begins with the gathering of datasets of four languages of signs, then
preprocessing and model training. The subsequent steps are prediction, translation to target
language and evaluation of performance. This diagram gives a brief description of how this
study will be carried out. Each step of the proposed methodology will be described briefly in

the following sections.

4.2.1 Data Loading and Sorting

Here, the datasets were ready in such a manner that it could be utilized by the deep learning
models. Because, in our study, we had to deal with several sign languages, namely, the Bengali
(BdSL) one, the American (ASL) one, and the Indian (ISL) one, the number of classes in each
of the folders was different. The loading and sorting process had to be consistent in order to
prevent a mis-matching of images and labels. To start with, all image paths were loaded using

their data set directories. The folder names were used as the labels of our classes since each
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one was named after a given sign. Once the paths of the images were acquired, we tried to
arrange the paths in alphabetical order so that the preprocessing process would maintain the
same order between the path and the object categories. Once the images were loaded, files
were changed to RGB format (instead of the default OpenCV format of BGR) in order to have
the same color representation in all files. The images were resized to 224x224 pixels, the input
dimension needed by both ResNet and EfficientNet models, and then all the images were cut
down to the same size. This sorted load and sorting made sure that: Every image was paired
with the correct class label. Entries were not duplicated or lost. Each set of data had the same
format. During training, models used clean and consistent input This was done to ensure that

data was consistent and errors were minimized when developing a model.

4.2.2 Normalization

Once the images were loaded, the next thing that was done was to normalize the pixel values,
and thus the datasets all fell within the same numerical range. The models can also learn
slowly or randomly without prior scaling of the raw images because pixel values, which are
present in the raw images, range between 0 and 255. To overcome this, all the images were
scaled by dividing the pixel values with 255. This normalized the whole data to the 0-1 range
which is appropriate when using deep learning networks like ResNet and EfficientNet. The
use of normalization allowed the models to train more effortlessly, minimized the chances of
numerical instability, and guaranteed that all the datasets had consistent values of the input

during training, validation, and testing.

4.2.3 Splitting the Dataset

We divide our dataset into two subsets a training set and a test set that we used to train and
evaluate our model 80 percent of the data is in the training set it has both the impressions
images and the mask images of the images. This subset trains the model, which in turn helps it
to learn by the patterns and correlations of the data. We separated the data with a train-test
split method of the scikit-learn library [2I] with the random state parameter value of 42. The
random state that we use is to ensure that our split dataset is consistent across multiple runs of
the code. This means that the training and test set will be identical in the event of a repeated
execution of the code with the same random state value (42), the results will be identical. 20
percent of the entire data set was used as the test set. This set contains impression and mask
pictures that have not been put on during training. The test set is used to test the effectiveness

of our trained model on new data..
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4.2.4 Deep Learning Models (ResNet & EfficientNet)

Multilingual sign language images need a model that can comprehend the advanced visual
patterns, hand shapes variations, background variations, lighting variations, and variations
within a given class in Bangla, American, and Indian sign languages. To do so, two convolutional
neural network architectures ResNet50 and EfficientNetB0, which are state-of-the-art, were
chosen to be used in the experiment. Both models are known to be very powerful in terms
of feature extraction and are complements of each other, since they are based on two design
philosophies, which are depth-oriented with residual connections and balanced-scaling based
with computational efficiency. ResNet50 (Residual Network, 50 layers version) is another type of
deep architecture which brought the idea of residual learning. With the classical deep networks,
the gradient decreases in size with the increased number of layers, and hence the model ceases to
learn. ResNet helps to address this problem, introducing identity skip connections that enable
the gradient to pass through several layers without information loss. This helps the network to
acquire more complex patterns with constant training.

The starting ResNet50 model of this study is already trained on ImageNet that consists of
millions of labeled images. These pre-trained weights facilitated a fast learning process by the
model because it does not need to learn low-level features at all. The last fully connected block
of the ResNetb0 was also removed and the classifier replaced by a custom classification head
corresponding to the amount of classes of signs in the combined datasets. The custom layers
were a global average pooling layer to down-sample the feature maps, a dense layer to interpret
the features, batch normalization to stabilize training, dropout to regularize the model, and final
softmax to generate the probabilities of the classes. The second model applied is EfficientNetBO,
which is more a contemporary approach towards network design. EfficientNet does not scale the
network merely by adding depth or width but in a balanced way with the help of a compound
coefficient. This scaling technique enables the model to be efficient and yet attain competition.
EfficientNetB0 is not that heavyweight as ResNet50, but it is reported to be better at fine-
grained features with a lesser amount of parameters. Like ResNet, EfficientNetB0 was pre-
trained on ImageNet weights and changed by overriding the top layer with a multilingual sign
language recognition classification block. The model was designed to cope with the differences in
the hand orientation, subtle finger position and the visual style of three country sign languages.
The two models had a two stage training procedure. In the first phase all the pre-trained
layers were frozen in order to update only the newly added classification layers. This enabled
the model to adapt to the new world of sign language images and not to disrupt the acquired
visual features. When the new layers had a stable performance, a few layers of the base models
were unfrozen and fine-tuned. Fine-tuning gave the models the capability to pick up additional
patterns that were more specific in terms of hand shapes and gestures that are particular to
BdSL, ASL, and ISL. Adam optimizer was used in training at a carefully selected learning
rate that ensured that the models did not exceed the minima. Stopping Training was Early
termination of training was done when no more improvement was being made and a learning

rate scheduler was applied when validation performance started to stagnate.
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During the training process, both EfficientNetB0 and ResNet50 were trained on the same dataset
splits so as to be equal in the comparison. ResNet50 was deeper and tended to capture more
abstract features whereas EfficientNetB0 was better in terms of computational efficiency and
faster convergence. Analyzing these two models, the given research has come to understand
which architecture is better to apply in case of multilingual sign language classification and
how various design principles influence the performance in case of working with different sets

of gestures.

4.2.5 Sign Translation Pipeline

The sign translation pipeline consists of three stages:

1. Sign Prediction: Input images are passed through the trained classifier to identify the
corresponding sign. For continuous gestures, predictions across frames are combined to

form a complete word.

2. Text Translation: The predicted word is translated into the target language using the

Google Translate API, enabling multilingual communication.

3. Target Sign Mapping: The translated text is mapped to corresponding sign images in
the target sign language dataset (e.g., BASL, ISL, ASL). This step provides visual output

for users who rely on sign language.

4.2.6 Evaluation Metrics

Model performance was evaluated using classification metrics derived from the confusion matrix,
including Accuracy, Precision, Recall, F1-Score, and AUROC.
Accuracy measures the proportion of correctly predicted samples:

TP+ TN
TP+TN+ FP+FN

(4.1)

Accuracy =

Precision measures the ability to avoid false positives:

TP
Precision = m (42)

Recall quantifies the ability to detect true positives:

TP
= 4.
Recall TP LN (4.3)

19



F1-Score, the harmonic mean of precision and recall:

Precision x Recall
Fi1- =2 4.4
Score % Precision + Recall (4.4)

AUROC measures the separability of classes across decision thresholds.

The confusion matrix provides a detailed view of class wise predictions, revealing which
signs tend to be misclassified. These evaluation metrics allow comprehensive comparison of two

models.

4.2.7 Generalization Strategy

It is important that a sign language recognition model is reliably good on unseen data as to all
users there are natural variations between the different users of the sign language, hand shapes,
and recording environments. There were no specific data augmentation methods used in this
research, but there were a few of the effective strategies that were employed to improve the

generalization ability of the model.

To begin with, a balanced dataset splitting strategy was used, in order to ensure equal distri-
bution of classes among the training, validation, and testing sets. This avoided biasness to any
of the classes of gestures and made the performance assessment represent the actual capacity

of the model to generalize to previously unknown samples.

Secondly, the model structure and training parameters were chosen very carefully to reduce
overfitting. Regularization measures like dropout layers and early stopping were also added
to stabilize the learning process and limit the model to memorization of particular patterns in
the training data. These mechanisms stimulated the network to concentrate more on the more

general and discriminative feature representations.

Lastly, a totally independent test set, obtained using datasets that had never been used in
training or validation, was used in the evaluation of the model. Such rigid division provided a

realistic and objective evaluation of the model performance in the real world.
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Chapter 5

Results and Analysis

Having trained both ResNet50 and EfficientNetB0, it was necessary to study the results in
detail to determine the performance of the models in working with the multilingual sign language
samples. This analysis aimed at not only measuring the accuracy, but also to note the behaviour
of each model training and testing, whether the models were able to learn the patterns in the
data in a consistent fashion, and where the differences between the two architectures appeared.
The evaluation process allowed determining which model was more responsive to the changes
in the data as machine learning models tend to exhibit varying degrees of sensitivity to the
changes in data. The two models performed some promising results during the experiments
although they displayed different learning behaviors. ResNet50 used as the deeper residual
architecture showed consistent gains throughout the epochs. The training curve was smooth
and slow to learn and the validation curve was near to the training performance, which means
that the model was overfitting it badly. EfficientNetB0O was a smaller model and thus was
convergent in a shorter period. Its training performance improved faster at the initial stages, but
validation performance was sometimes slightly fluctuated. Despite such changes, EfficientNetB0
still performed highly, and the training took shorter hours, which is indicative of its efficiency-
driven architecture. Table shows the performance of EfficientNet-BO and ResNet-50 in

terms of their macro-average performance metrics on the test dataset.

Table 5.1: Macro-average metrics for both models on the test dataset

Model Precision | Recall | F1-score | Accuracy
EfficientNet-B0 0.94 0.94 0.94 0.94
ResNet-50 0.96 0.96 0.96 0.96

The final test results were assessed, and it was revealed that ResNet50 is slightly more effective
in complex classes where the gestures were characterized by slight visual differences. Efficient-
NetB0, in its turn, has given a very competitive result with a reduced number of required
computational resources. The variations in the outcomes were used to bring out the strengths

of either architecture. ResNetb50 proved to be more useful in getting finer grained features of
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the images, whereas EfficientNetB0 was faster and lighter and it could be used in real-time
applications. On the whole, the discussion of the finding of the experiment indicates that both
models were able to learn to classify signs of the Bangla, American, and Indian sign languages.
The comparison made between the two performance patterns was very helpful in giving the
insight of the effect of architecture on the model behavior which was subsequently used to give

a more detailed judgment during the subsequent subsections.

5.1 Model Performance Evaluation

The models were assessed in terms of their ability to classify the images (both in the training and
validation stages) correctly. The dynamics of the accuracy and loss curves were also significant
in all the experiments to establish the extent to which the models were adjusting successfully
to the multilingual sign language datasets. In the case of ResNetb0, the accuracy of training
improved step by step, and the learning process was considered stable. Similar pattern was
observed in the validation accuracy, which remained near the training accuracy, which means
that the model was not overfitting and learning meaning features. The loss values of ResNet50
decreased with time, which again supports the fact that the model was learning to extract useful

representations of the images and as the model continued to train, the loss values were reducing.

The models were assessed in terms of their ability to classify the images (both in the training and
validation stages) correctly. The dynamics of the accuracy and loss curves were also significant
in all the experiments to establish the extent to which the models were adjusting successfully
to the multilingual sign language datasets. In the case of ResNet50, the accuracy of training
improved step by step, and the learning process was considered stable. Similar pattern was
observed in the validation accuracy, which remained near the training accuracy, which means
that the model was not overfitting and learning meaning features. The loss values of ResNet50
decreased with time, which again supports the fact that the model was learning to extract useful

representations of the images and as the model continued to train, the loss values were reducing.

After the evaluation of the test results, both models demonstrated good classification abilities.
ResNet50 had greater accuracy in the classes that involved the similarity of the gestures in terms
of appearance and demanded additional feature extractions. EfficientNetB0O also performed
remarkably well and it has only a smaller number of parameters but its level of accuracy is
similar to ResNet50. The obtained results of the evaluation confirmed the fact that both
models managed to learn the differences that exist within BdSL, ASL, and ISL, and that able
them to recognize the forms of the complex hand and gesture patterns. The similarity in the
performance levels during the training, validation, and testing phases indicated that the models

were trained well and could effectively deal with multilingual sign language classification.
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5.2 Analysis of Prediction Accuracy

The accuracy of prediction of the models was analyzed in order to know how well they iden-
tified the gestures in the three sign languages that were included in the dataset. Through the
assessment of the correctness in training and testing, it was feasible to note the extent of each
model to the variations in the hand shapes, orientations, and visual differences among BdSL,
ASL, and ISL. ResNet50 was found to be very successful in this aspect especially due to its
deep structure that enabled it to learn more detailed and abstract characteristics of the images.
The results of the accuracy tests demonstrated that ResNet50 could detect small patterns like
a small finger movement or even slight changes of hand position that are usually hard to see in
multilingual sign language data. This additional level of feature extraction helped the model to

achieve a high degree of accuracy in most of the classes of gestures.

EfficientNetB0O also had similar and steady accuracy but the behavior was a bit different as
compared to ResNet50. The model was very effective when the gestures were clear and distinct
visually during classes. Its balanced architecture contributed to its generalization to various
lighting conditions and backgrounds, which were also found in some part of the dataset. But in
classes where the signs bore very similarity or had a small variation among the signs, Efficient-
NetBO0 performed slightly worse in terms of misclassification. Such minor drops in accuracy were
to be expected because of the more compact shape of the model, which restricts the richness of
its feature extraction relative to more profound networks such as ResNet50. Figure shows
the sample predictions of EfficientNet-B0O and ResNet-50 with their score of confidence and the
ground-truth labels.

Pred: signl 100% Pred: V 100% Pred: sign30 100% Pred: sign31 100% Pred: b 100%
(True: signl) (True: V) (True: sign30) (True: sign31) (True: b)

Pred: h 100%

Pred: Teh 100% Pred: 7 100%

(True: )) (True: Teh) (True: n) (True: h) (True: 7)

(a) EfficientNetB0O (b) ResNet50

Pred: n 100%

Pred: ] 100%

Figure 5.1: Predictions from EfficientNet-B0O and ResNet-50 with confidence scores and
ground-truth labels.
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The two models despite these differences performed well in terms of predictive accuracy and
were also good in terms of dealing with the multilingual character of the dataset. The test
results values of accuracy indicated that both models were able to identify gestures in all three
sign languages and hence were able to cross cultural and visual differences in sign representation.
The relative evaluation of their performance on prediction accuracy demonstrates the impact
of architectural differences on the performance of the models, with ResNet50 being superior in
those necessitating more profound pattern recognition and EfficientNetB0 being more efficient

and faster to generalize.

5.3 Comparison Between ResNet and EfficientNet

ResNetb0 was compared with EfficientNetB0 to gain an insight into the performance of the
two architectures under identical settings and using identical multilingual sign language data.
Despite the fact that both models yielded good results, their behavior during the training and
testing process showed that they had observable differences that were affected by their structural
design. ResNet50, which is a more profound residual network performed better in a scenario
where fine-grained feature was required. It was also able to learn complex patterns, which
enabled it to better deal with gestures that have minor variations. This was also captured in
that it was more accurate in a number of closely related gesture classes meaning that the deeper

layers made the model to capture fine visual details.

On the other hand, EfficientNetBO was highly efficient during the training process. It needed less
computation time and memory than ResNet50, and still could achieve competitive performance.
The compound scaling strategy of the model enabled it to trade depth, width and resolution
such that learning stability and quick convergence was obtained. In situations where gestures
were very similar in shape or where greater hierarchical features were needed, EfficientNetBO,
in some instances, demonstrated higher misclassifications than ResNet50. Such differences did
not diminish its overall performance much, but they brought out the trade-off between the
computation efficiency and the depth of representation. In figure the accuracy of the
classes with a threshold of less than 0.8 in the models of BASL and ISL are represented. Figure
[6.3] shows the mean macro AUROC of each of the four sign language datasets of all the models.
The two figures and jointly demonstrate the class wise weaknesses and the discriminative

performance in general of the proposed models.

After the comparison of the final test results, it was evident that the two models can address
the issue of multilingual sign language classification successfully. ResNet50 managed a minor
lead in total accuracy and stability and in more complicated gesture categories especially. Effi-
cientNetB0O was almost equally effective, but it provided the advantage of being trained faster
and using less resources, so it can be used in any application where efficiency is required. The

analysis indicates that the decision between the two models would be determined by the needs
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Class-wise Accuracy Comparison: EfficientNet vs ResNet50
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Figure 5.2: Classes with accuracy < 0.8 in BASL and ISL for all models

of the targeted system. ResNet50 is stronger in case maximum accuracy is a requirement and

there are enough resources in the form of hardware.
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Figure 5.3: Average macro AUROC for all models across BdSL, ASL and ISL
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Chapter 6

Social Impact

The importance of the classification system of a multilingual sign language is social, partic-
ularly in those countries when the barriers of communication still screen out the deaf and
hard-of-hearing population of the community in educational, employment, and everyday life.
Sign language users find it difficult to interact with other people, who do not understand their
signing system, and it poses difficulties in receiving such necessary services as healthcare, bank-
ing, or transportation. With the introduction of a system that can identify gestures of Bangla,
American, and Indian sign language, the present study will decrease these gaps and provide
a technological transition between signers and non-signers. The fact that the system can be
used in a variety of languages makes it more useful in various communities and improves the
accessibility to various regions. The incorporation of deep learning architecture in social com-
munication devices indicates the possibility of the contemporary technology to facilitate the
inclusive development. The effective work of ResNet50 and EfficientNetBO proves that sign
language translation systems are constructable with high confidence and are affordable to ev-
eryone with not so much technical aspects. With the ever-growing digital service, it is possible
to enhance communication within education, government, transport, and workplaces by having
intelligent applications of gesture recognition. This technology has also influenced the creation
of awareness of the requirements of the deaf community and the significance of learning the sign

language as an inclusive communication method.

6.1 Sustainability of the Work

The sustainability of this research is that it can be effective in the long run, as it can be
adjusted to meet the requirements of the future. As the system is supported with machine
learning models, it can keep being enhanced once bigger or more varied datasets are accessible.
The models to be used in this project, specifically EfficientNetB0, are lightweight and can

be used in devices with low processing power and hence the system can be used in a variety
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of environments in the long run. This helps in sustainability as it does not require high-
end hardware to implement and also because the solution can be implemented in low-resource
hardware like rural institutions, small schools or community centers. Moreover, the system is
multilingual, which means that it will be able to cater to a broad audience and be useful at
the time when the communication requirements will develop. The need to have convenient and
reliable translation systems will also increase as the number of individuals who understand sign
language and use digital devices in communication increases. The nature of the project ensures
that the new sign languages, regional variations and new classes of gestures are easily added
later in the future without the need to redesign the entire project since it is created on scalable
deep learning techniques. This flexibility enhances the sustainability of the work in the long
term and makes it possible that the system will be able to change with the technological and

social changes.

6.2 Social and Environmental Impact Analysis

The technical process of creating multilingual recognition technologies of sign language has
serious social and environmental connotations, especially in the area of assistive technology and

accessibility.

6.2.1 Social Impact

Socially, our system of sign language translation focuses on dealing with contentious commu-
nication obstacles experienced by the deaf and the hard-of-hearing members. The technology
facilitates social inclusion and equal participation since it allows the easy communication of all
users of Sign language and non-signers. The fact that the system allows cross-lingual translation
of the sign language also increases the intercultural communication of the global deaf commu-
nity. Moreover, the technology will make sign language more accessible to non-deaf people,
which will prompt more members of society to consider the deaf culture and language, thus

possibly mitigating social isolation and initiating an understanding process.

6.2.2 Environmental Impact

The socially relevant implications of the introduction of a multilingual sign language recognition
system are significant in that the situation will impact individuals, who rely on the sign language
as their main form of communication. The system will promote interactions among signers and
non-signers by offering a computer-built solution to interpret signs in Bangla, American, and
Indian sign languages. This can bring about some good developments in schools, work place and

service communities where misunderstandings will mostly arise due to the lack of communica-
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tion. With the increasing use of technology-based communication devices by more organizations,
hearing-impaired individuals can have improved access to key services and opportunities, which
were otherwise hard to access. Through this, the system can facilitate equality and enhance
social engagement of the deaf and the hard-of-hearing communities. Environmentally, the sys-
tem does not use any physical materials or large-scale production to make it as the ecological
footprint is reduced. Seeing that the models can be installed on the existing digital devices,
the manufacturing of the additional hardware is not needed, which decreases the environmental
footprint of the electronic waste. Training and deployment via the cloud also enable the system
to execute via shared computing resources, which restrain the use of individual high-powered
machines. Though, the training of deep learning models is energy-consuming process, it is con-
ducted once and can be reused multiple times without incurring substantial energy demand. All
in all, the work has a low environmental footprint, and the system provides a sustainable digital

solution, which is in line with the current attempts to minimize the consumption of resources.

Social Effects

This study has a high social impact as it discusses the problem of communication of deaf and
hard-of-hearing people. Through offering the system which is able to identify the signs of various
sign languages, the work contributes to the comprehension of how to improve communication
between signers and non-signers in real life situations. This will help them to be less socially
isolated and foster more productive relations in schools, work places, hospitals and service
centers. In case of easier communication, individuals with hearing disabilities are better placed
to engage in academic and work related activities, and that makes people live in a more inclusive
society. Through the system, people are also made aware of the need to use sign language and
encouraged to learn and understand various signing systems so that more social acceptance and

support can be achieved.

Environmental Effects

The environmental footprint of this work is not very high, since the system is based on fully
digital processes instead of using materials or manufacturing. The trained models can also be run
on the current machines like the computers or hand-held phones without hardware requirements.
This lowers the manufacturing of electronic parts and contributes to the restriction of e-waste
production. Dynamic deep learning models have a cost to run during the training stage, but
during this stage, only once is required, and the trained model could be reused again and again
with a minimal amount of extra energy cost. Cloud systems also maximize the utilization of
resources by allowance of a single hard-copy to be used by many different users, minimize the
impact on the environment that can be linked to having a dedicated computing system. In
general, the project contributes to the eco-friendly strategy, using digital infrastructure and

reducing the necessity to use physical resources.
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6.3 Ethical Considerations and Framework

Ethical factors are a significant part of any given system that deals with the real users especially
in communication and accessibility fields. Given that this is a work that sign language must be
recognized, it is important to make sure that the system does not infringe on the privacy and
dignity of the people whose gestures are under deciphering. The information in the datasets of
the given research was publicly accessible and had no identifiable personal data that would pro-

mote the preservation of data privacy and minimized the ethical issues associated with consent.

The system is to help with communication rather than to substitute human interpreters and to
disrupt personal communication, and this intention was the main consideration of the develop-
ment process. Another fact to consider is being fair and non-biased when making predictions by
the model. During training, the dataset included very different samples of various sign languages
and this factor helped to minimize potential prejudice against a certain group. Nonetheless, the
evaluation should be done on a regular basis to make sure that the system works in the same
manner with individuals with varied skin tones, backgrounds and hand shapes. Implementation
should be done ethically by bringing out the limitations of the system and using it responsibly in
practical situations. Considerable accessibility can be improved with the help of the technology,
without ethical values being undermined, promoting a more inclusive and respectful attitude to

communicating with the deaf and hard-of-hearing population.
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Chapter 7

Lesson Learned

Even during the progress of developing the multilingual sign language classification system,
some essential lessons have been obtained that helped get a better idea of both technical and
practical issues of creating an accessible tool of communication. This interaction with datasets
of three sign languages demonstrated that the hand shapes, backgrounds, and lighting condi-
tions can thus influence the work of the deep learning models. These differences had to be
carefully preprocessed, balanced correctly in data and constantly evaluated in order to make
sure that the correct patterns were learned by the models. This process revealed the significance
of regular dataset preparation, as minor differences in labelling or images quality may cause
wrong predictions and decrease accuracy.

The other lesson that I learnt during the project is the importance of selecting the correct model
architecture to accomplish certain tasks. Despite the similar positive results of both ResNet50
and EfficientNetB0, their behavioral characteristics throughout the training process indicated
the impact of architectural peculiarities on the learning rate, the generalization capacity, and
computational demands. This knowledge will come into play in the future study, particularly
when implementing similar systems in settings with limited resources. Besides, the project also
stressed the need to check the performance of validation and use various approaches, including
fine-tuning, early stopping, and learning rate scheduling, to ensure stability throughout train-
ing.

Lastly, the experience of working on this project also allowed seeing some bigger issues regarding
the accessibility and communication of the deaf community. It is now apparent that technolog-
ical solutions have to be presented in a responsible way, with ethical implications, user privacy
and usability of the solution considered in real life. All of these lessons led to a more in-depth
idea of how complicated the process of creating a multilingual sign language recognition system

is and how essential planning, unceasing experimentation, and careful implementation may be.
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7.1 Challenges Faced

In the design of this multilingual system of classifications of sign language, there were various
issues which were faced that affected the flow of work and necessitated keen improvisations
which would enable credible findings. The disparity in the three sign language datasets was
one of the major issues to deal with. The datasets possessed their own peculiarities such as
varied lighting conditions, background noise, resolutions of the image and styles of gestures.
Such inconsistencies could at times lead to misinterpretation of some signs by the models and
more preprocessing measures were required to reduce the effect of these differences. Another
problem concerned the balanced representation of classes since there are gestures with much
less samples than in other classes, which influenced the capacity of the model to learn these
gestures.

The other important issue was the ability to handle the computational demands of the process
of training deep learning models. As a deep architecture, ResNet50 was more time and memory
consuming to train. The model required patience and constant observation despite the help of
GPU-based settings to be fine-tuned to avoid excessive overfitting or erratic accuracy decline.
EfficientNetB0, which was lighter, was sensitive to minor variations in hyperparameters, and
multiple experiments needed to be re-run in order to reach consistent performance. It took a
series of trials and critical assessment to determine the appropriate learning rate, batch size
and training epochs. Lastly, the conceptual issues were also associated with the incorporation
of multilingual datasets into a single system. The models were forced to acquire not only the
peculiarities of each sign language but also the common trends between the sign languages.
This required a balanced approach of training in which one dataset was not predominant in the
learning. The struggles to cope with these challenges were good experience and contributed to
the creation of a stronger and more flexible system to classify sign language.

The results obtained in this paper indicate that deep learning models are capable of identifying
hand signs of the Bangla, American, and Indian sign languages with a deep learning input based
on only the image data. ResNet exhibited high feature extraction especially in cases where the
signs involved are similar in appearance whereas EfficientNet offered competitive accuracy at
a reduced computational cost. These findings indicate some potential to use both models in
multilingual sign language recognition systems as effective parts. Nevertheless, the general
results are also about the significance of the diversity of datasets, regulated preprocesses, and
balanced training samples when addressing multiple sign languages. The results of the study
provide an excellent guidance on the future research, especially in the extension of the system
to real time applications and multilingual larger data sets.

The findings of this study show that deep learning models can successfully recognize hand signs
from Bangla, American, and Indian sign languages using only image-based inputs. ResNet
demonstrated strong feature extraction capabilities, especially when dealing with visually similar
signs, while EfficientNet provided competitive accuracy with lower computational cost. These
results suggest that both models can serve as effective components in multilingual sign language

recognition systems. However, the overall performance also highlights the importance of dataset
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diversity, controlled preprocessing, and balanced training samples when working with multiple
sign languages. The outcomes of this research offer a clear direction for future work, particularly

in expanding the system toward real-time applications and larger multilingual datasets.

7.2 Solutions to the Challenges

There were a number of solutions utilized in the process of the research to ensure that the vari-
ous challenges that appeared during the development process of the multilingual sign language
classification system were solved. Among the initial actions were the efforts made to make
the preprocessing pipeline stronger to minimize the differences that exist in the BdSL, ASL,
and ISL datasets. Image resizing, normalization, and regular conversion of colors were used as
techniques to produce a standardized input of the models. The distribution of classes was also
given additional consideration and the datasets were properly balanced to make sure that each
class of gestures was represented adequately. This not only enhanced stability of learning but
minimized chances of biased predictions.

Mathematical difficulties related to the process of training deep learning modules were addressed
through adopting an organized training approach. The training was split into two parts first
feature extraction with frozen layers and then fine-tuning where the chosen layers were unfrozen
to continue learning. The method minimized the training time and at the same time enabled
the models to adjust to the nature of multilingual sign gestures. Early termination and learning
rate scheduling were also implemented in order to avoid overfitting and keep the convergence
constant. In EfficientNetB0, hyperparameters were optimized to obtain a controlled experiment
by successively testing several configurations until the performance was stable.

In an effort to unlock the challenges that come with the incorporation of several sign languages,
the data set preparation was geared towards ensuring the equal representation of all languages
and the similarity in labeling. This had the advantage of making the model learn general
visual patterns and still differentiate language specific differences. The system was in a posi-
tion to learn all three sign languages effectively because of the balanced and unified approach.
All these solutions were part of a better performance of the models and a more reliable sign
language classification system.To overcome the difficulties associated with integrating multiple
sign languages, the dataset preparation process focused on maintaining equal representation
and consistent labeling across all languages. This ensured that the model learned general vi-
sual patterns while still distinguishing between language-specific differences. By maintaining
a balanced and unified approach, the system was able to learn effectively across all three sign
languages. These solutions collectively contributed to improved model performance and a more

reliable sign language classification system.
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Chapter 8

Future Work & Conclusion

8.1 Conclusion

The invention of this system of classifying multilingual sign languages is a milestone towards
making communication more accessible to the deaf and hard-of-hearing society. Through the
integration of datasets of Bangla, American, and Indian sign languages and the application of
the advanced models of the deep-learning frameworks, including ResNet50 and EfficientNetBO,
the project showed that modern machine learning models can successfully identify and classify
multiple language hand gestures. The findings indicated a high level of performance in all three
sign languages, which established that deep neural networks could learn both shared and lan-
guage specific visual patterns. This achievement offers a base on the prospective collaboration
which will entail the creation of more sophisticated and easy-to-use sign language translationally
assistive devices.

During the research process, various limitations were experienced, such as variations in datasets,
class imbalance, and constraints in computers. Nevertheless, these concerns were overcome with
prudent preprocessings, guided training plans, and fine-tuning of the models and this resulted
in stable and accurate model performances. The system not only reached its technical goals but
also pointed out the larger opportunity on the use of technology to facilitate inclusive commu-
nication. With the growing importance of digital accessibility, such solutions will contribute to
the reduction of communication barriers and facilitate the equal access to education, employ-
ment opportunities, and the provision of state services.

To sum up, the project has shown that it is possible to have an image-based classification model
with reliable accuracy to determine whether the sign language is multilingual. Although the
system is centered on the stationary gesture recognition, it offers a solid skeleton on which the
further development can be presented, such as the continuous sign recognition, mobile gesture
recognition, and something wider references. Through further growth and community cooper-

ation, this piece may have an impact on making the sign language user more accessible and
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inclusive to various areas.

8.2 Future Work

Even though the multilingual sign language classification system had positive results, there are
various ways on which the work can further be extended in the future. A bigger and more
diverse dataset would be one of the most significant changes. The present system is loading on
fixed pictures and even though it has been effective in identifying individual gestures, sign lan-
guage communication usually constitutes sustained movement, switching and facial expression.
The addition of video-based datasets or time-varying models (i.e., LSTM or Transformers) may
greatly improve the capacity of the system to read entire sign sentences and not to analyze
single gestures. This development would bring the system closer to the actual world where fluid
communication is necessary.

The second opportunity that might be an avenue of future work is having a lightweight mobile
or embedded version of the system. Although presently EfficientNetB0 offers an efficient archi-
tecture, further compression of the models can be achieved by adding pruning, quantization, or
knowledge distillation to enable the system to be used in real-time on smartphones or low-power
machines. That would enable the technology to be accessible to many people including those
in rural or underserved communities where they have little access to high-end devices.

Lastly, it would be more important to expand the system to accommodate additional sign lan-
guages and regional differences. There exist sign languages varied in different countries, and
in some cases even among communities living in the same area. The system would be more
inclusive and applicable to other parts of the world if more languages are added to it and the
cultural diversity is increased in the set. An addition of facial expression recognition and hand-
tracking techniques might enhance accuracy as well, particularly in those signs that need to
combine both hand movements and facial expression. Such improvements of the future would
aid in making the system more comprehensive and versatile in terms of translating the sign

language.
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