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Abstract

Sign Language, a non-vocalized means of communication via the use of hand signs,
gestures and motions to articulately express oneself and communicate with others for
differently-abled people, especially hearing and speaking-impaired people. It is the
most dominant form of communication in these communities. However, like all forms
of communication, this too requires both sides to understand the language, which
is the main barrier among many people of the community, due to not only having
varied forms of sign language but also very few people outside the community who
understands them. Our research aims to design a system using a glove or camera
that reads Bangla Sign Language, processes and interprets it efficiently, and provides
output in the form of Bangla Language for the other party to understand. We aim
to focus on the Pre-processing aspect. Hence we decided to deploy Fast Fourier
Transformation to decrease the pre-processing time.

Keywords: Sign Language; Bangla; Detection, Pre-Process; Fast Fourier Trans-
form; interpret.
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Chapter 1

Introduction

1.1 Thoughts behind the Prediction Model

Sign language is an essential means of communication in hearing-impaired commu-
nities. Bangladesh houses approximately 2.34 million people with different sorts of
disabilities. Bangladesh, with more than 30 lakh hearing-impaired people, lacks ad-
equate opportunities for learning sign language, making it exponentially harder for
the community to communicate with others, resulting in their day-to-day life, em-
ployment status, and economic status being severely affected. Only 15% of people
of these communities get employed[17][16] .

Hence, the main task of this research is to produce an efficient interpreter for people
to bridge the gap between communication. The two known methods of sign language
detection are Hand Gesture Recognition using Computer vision (CV) and using
instrumented gloves[12]. In this research we intend to use both computer vision
and gloves for the detection of sign language to facilitate the communication, with
gloves for the differently abled person using Bangla Sign Language to communicate
and computer vision for people speaking in different Sign Languages to understand
them.

1.2 Problem Statement

This research is to address:

“The problem of identifying and analyzing Bangla Sign Language notations using
state-of-the-art computer vision and machine learning techniques side by side with
the application of U2 net Architecture and Fast Fourier Transform.”

With the secondary problem being
“Forming coherent statements with the detected lines using Natural Language Pro-
cessing.”

1.3 Description of the Problem:

Bangladesh often lacks the infrastructure to support its differently abled community.
With over 30 lac people being a part of that and only 15% being employed, it is a
severe problem. There exist very few opportunities to learn sign language. In our



country, hearing- and speech-impaired individuals do not have the opportunity to
study their native tongue. There are no recognized research centers dedicated to
advancing and promoting the Bangla sign language. In 1994, the Ministry of Social
Welfare and Bangladesh National Federation of the Deaf created a Bangla sign lan-
guage dictionary. Since then, no meaningful action has been performed other than
granting Bangla sign language official status. Despite being the second most widely
spoken language, there are little opportunities to study sign language in Bangladesh
[10]. With this research we intend to build a system that connects the bridge be-
tween the two.

In terms of Detection of Sign language, one of the most common methods of de-
tection is Image processing. Generally real time hand gesture detection coupled
with an image processing algorithm has been used in most cases. [18] HMM model,
CNN Architecture are two of the most popular models yielding high accuracy. CNN
being the newest and most advanced for detection. However, the issue with image
processing is quality of image, as most people in Bangladesh live below the poverty
line, hence it’s reasonable to assume there is a sufficient lack of high quality cameras.
Even if that’s ensured with the application of colored gloves, the secondary issue
lies with the light. We will apply different models to determine the most efficient
route to detect Bangla Sign Language using computer vision and prepare a data set
for future use. Another approach, as mentioned to SLR using CV is using coloured
gloves. In this approach, colored marker hand gloves are worn in the hand. The
color of the glove is used to track the movement , position and motion of the hand.
Its limitation is that it is also not a natural method of computer human interaction.
[12] However the real time detection will only work in well light areas. Hence, the
system will be ineffective at night and in dark areas[15]. Which is one of the big
issues. As communication is needed in both night and day.

In the context of evaluation scenarios and testing conditions, the accuracy is reason-
ably high for CV(95% on average) based SLR approach, yet it is not sufficient when
a really reliable and resilient system is required. Highly efficient inertial and orienta-
tion sensors include accelerometers, magnetometers, and gyroscopes. Unlike vision
systems, these devices are unaffected by external circumstances such as illumination
and background. These sensors also enable the very simple acquisition of data that
are difficult to obtain in vision systems, such as hand shape or forward/backward
movement [3]; these parameters include hand shape and forward/backward move-
ment.We will implement different algorithms to read the readings from sensors of
gloves, along with testing a multitude of sensors to find out the optimal route to
detect sign language using gloves. Fuzzy Min-Max to recognize the input from
a Data-glove yielded 85% accuracy in detecting Korean Sign Language KSL.[1§]
HMM, PaHMM had also shown huge accuracy coupled with accelerometer equipped
gloves.[3] However, the issue with such a system is requirement of sophisticated sys-
tems, often costly followed by less accuracy then its computer vision counterpart.
Another issue is, after detection of the Sign Language, coherent sentences need to be
formed. Bangla language has many words which can be used for different meanings
depending on the sentence and context. Hence, as a secondary focus, we will imple-
ment an NLP algorithm to approach this issue. The main focus of this research is
to detect sign language.

In conclusion, there is a severe lack of infrastructure to bridge the gap between
hearing or speaking impaired communities with other communities, with very less



work done based around Bangla Sign Language Recognition (BASLR). Using the
aforementioned data the research intends to find a suitable solution and data sets
for future research.

1.4 Research Objective

The study intends to create a Bangla Sign Language Detection system applying
both Computer vision and Instrumented Gloves that can accurately detect Bangla
Sign Language using Hand gesture movement in real time, process the input and
with application of NLP provide a text/Speech output to facilitate communication
between both parties. Using different hand gesture detection algorithms, NLP, Sen-
sor based gloves, we will prepare a dataset and compare the result of the experiment
and determine the optimal route to detect Bangla Sign Language. The following
are the study goals.

e To gain an understanding of Sign Language Detection and how it works.
e To learn about Computer vision and Recognition algorithms.

e To familiarize with Hand Gesture Detection algorithms.

e To attain an understanding of data collection and processing

e To gain an understanding of Hand gestures Detection using sensor gloves.
e To compare different algorithms with respect to Bangla Sign Language.

e To Suggest an efficient way to detect Bangla Sign Language.



Chapter 2

Litrature Review

This article will show how different image processing algorithms have been used
to identify different forms of sign language across the world. We shall study the
effectiveness of different methods implemented and the resulting output. Along
with that we shall study the process of sign language communication and ways to
use sensors to detect the sign language and discuss different software and hardware
architectures.

Sign language is a common form of communication for differently abled people strug-
gling with hearing or speech related problems. Different nations have their own form
of sign language. Issue is a lot of people do not understand the language hence mak-
ing the lives of vulnerable communities harder. With the application of this research
a process will be created where people can communicate easily without the need to
understand sign language. The research will mostly help speech impaired people of
Bangladesh.

2.1 Image Processing:

The primary issue with Sign Language Detection using computer vision is light.
Most algorithms struggle to detect hands properly in less lit areas. Existing sign
language recognition algorithms have a low identification rate in environments with
a cluttered background and variable illumination, environmental noise, training sit-
uations, and a high computing cost[13]. To solve this we will use a Hand Cascade
classifier and Skin color segmentation paired with a gaussian filter to reduce noise
and accurately detect hand signs. For the image processing algorithm different algo-
rithms such as HMM or CNN architecture which had ensured above 90% accuracy.
They demonstrated a dataset of how each individual algorithm yields a different rate
of accuracy to the same dataset. We also focused on studying how these algorithms
have been used to identify hand gestures in other forms of research and how they
performed.

2.2 Hand Detection:

The first step of Sign Language Processing with Computer Vision is Hand detection.
Following which different architecture is used to process and identify the sign. One
of the methods is Edge detection using the HSV model.
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Figure 2.1: HSV Color model Cone

In the case of the process used by J. Knowar [8], we see initially they took a
coloured image of the hand. Using matlab functions they converted the RGB Color
to grayscale. Using the HSV model we can map the hue and saturation of skin
pixels. Using that a hand shape is formed using the HSV model. It uses the canny
algorithm to detect the edges. In this process we initially remove the noise using a
gaussian filter, followed by using 2D spatial gaussian measurement to find the edge
strength at each point of the image. Finally the magnitude or strength , of gradient
is then approximated using |G| = ||Gz|| + ||Gy]|.

X, Y value gives the edge direction. Next the values are mapped in a direction that
can be traced in an image. Then after tackling the streaking issue, binary output
of the image is prepared for structuring the edges, generally the process is called
morphological operation

Figure 2.2: Binary Image Output for Edge

2.2.1 U?-Net Model:

However, upon further research, we discovered A model called U2-Net was intro-
duced in a paper by Xiaojuan Qi, Jianping Shi, Xiaogang Wang and Hongsheng Li
from the Nanyang Technological University. The model, published in the proceed-
ings of the IEEE Conference on Computer Vision and Pattern Recognition in 2020,
is a deep neural network architecture for salient object detection. The U2-Net uses a
nested U-structure to effectively capture both local and global context information
in an image and outperforms existing state-of-the-art methods on several benchmark
datasets for salient object detection.



However, U?-Net Model is not specifically designed for background removal, it can
be used for this task by identifying and segmenting salient objects in an image and
treating the remaining pixels as the background. This approach can be effective for
some types of images, but may not work well in all cases, especially in images with
complex backgrounds or similar color to the object. It would be interesting to see
how the U2-Net model performs on background removal tasks and compare it with
other existing methods designed specifically for this task.[20]

A study was conducted on highly accurate dichotomous image segmentation using
the U2-Net model. The U2-Net is a deep neural network architecture that was
designed for salient object detection, which aims to identify and highlight the most
"salient” or ”attention-grabbing” regions in an image. The U2-Net model is based
on a nested U-structure, which is designed to effectively capture both local and
global context information in an image. The authors of the study used this model
to perform dichotomous image segmentation, which is the process of separating an
image into two distinct classes.

The study found that the U2-Net model was able to achieve high accuracy in di-
chotomous image segmentation tasks when compared to other existing methods.
The U?-Net’s ability to capture both local and global context information made it
well suited for this task, as it was able to effectively identify and separate the two
classes in the image. The study also highlighted that the U2-Net’s performance was
consistent across a wide range of images, and it was able to maintain high accuracy
even when dealing with images that had complex backgrounds or similar color to
the object.

2.3 Image processing and classification Architec-
ture:

Numerous techniques for sign language recognition have been developed to date.
Kulkarni utilized the HSV color model for segmentation as well as the Hough algo-
rithm and histogram technique to extract features. Three-layer feed forward neural
networks are utilized for gesture classification. Wysoski et al. introduced rotation-
invariant postures using a boundary histogram. The HMM was utilized by Hyeon-
Kyu Lee and Jin H. Kim for categorization purposes (Hidden Markov Model). Ster-
giopoulou approximated hand shape morphology using YCbCr color space and a
Self-Growing and Self-Organized Neural Gas (SGONG) network [8].

Faster R-CNN, a method derived by refining Fast R-CNN, which is itself derived by
enhancing R-CNN; is used to detect Bangladeshi Sign Language, as demonstrated in
[5]. Input frames are divided into anchor maps based on CNN. Through the process
of RPN, these anchor points are established. The bounding boxes of each anchor
point are analyzed and processed, labeling them as objects or backgrounds. This
process is done with the use of Rol Pooling. After compiling all labeled data, it is
further refined based on previously defined criteria. The final part of the process
is completed using R-CNN Based on this refined data, the hand movements and
gestures are identified and translated.

When looking at the limitations of the paper in [5], it can be seen that there were



many major shortcomings of the system developed there. To start with, there was
an issue with recognition, where letters were mixed up due to subtle similarities.
Another limitation was that all test data was collected in controlled environments
and from a limited subject pool. As it stands, the system is also unable to prop-
erly establish sentences or phrases, as it processes every individual sign separately
without sequencing.

2.3.1 Fast Fourier transform:

In the study ”Arabic Sign Language recognition using FFT and PCNN”, the au-
thors use the Fast Fourier Transform (FFT) as a key component of their method for
recognizing Arabic Sign Language (ArSL).

The FFT is a mathematical algorithm that is commonly used in signal process-
ing to transform a time-domain signal into the frequency domain. It decomposes a
signal into its individual frequency components, allowing for a better understanding
of the underlying frequencies present in the signal. In this study, the authors use
the FFT to analyze the time series of the firing status of neurons obtained from
PCNN. By transforming the firing status of neurons into the frequency domain, the
FFT allows the authors to extract features that are related to the frequency of the
firing. They use a maximum of 11 FFT descriptors as features for their recognition
system. The authors claim that the use of FFT for feature extraction improved the
recognition accuracy compared to previous methods, as it allows them to extract
more meaningful and discriminative features from the signals, making the system
more robust to variations in signer’s style.

It’s worth noting that FFT is a widely used technique in signal processing, speech
and image processing, and it’s not limited to just recognizing ArSL, it could be used
to extract features from other signals such as speech, audio, and other time series
data.[22]



Chapter 3

Description of the model and data

3.1 Methodology:

To create a custom dataset. We create a custom Bangla Sign language dataset
using Ishara Lipi convention. We recorded different signs representing different
alphabet to create our dataset. Different skin tone was ensued to create a
variety. After the recording we extracted the images and labeled them. We
then start pre processing.

To apply U2-Net background remover to the dataset. U?-Net is a deep learning
model that can be used to remove the background of an image, leaving only
the foreground objects. This can help to improve the performance of the model
by reducing the amount of noise and distraction in the images.

To apply FFT compression to the dataset. FFT (Fast Fourier Transform)
compression is a technique that can be used to reduce the amount of data in
an image while maintaining its important features. This can help to speed
up the processing time of the model, as well as improve its performance by
reducing the amount of noise and distraction in the images.

To apply a FFT high-pass filter for edge detection. FFT high-pass filter is a
technique that can be used to enhance the edges of an image, which can be
useful for detecting signs and gestures in the dataset. This can help to improve
the performance of the model by making it more sensitive to the important
features of the images.

To Label the pre processed images. We have to label all the images and divide
them into a 80-20 split for training and testing purpose. We do it with both
the raw data and pre processed data.

All of this preprocessing is done to decrease the parameters for the Models.
We aim to decrease the parameters and ensure maximum accuracy while de-
creasing training and detecting time. To pass the pre-processed dataset to
different models like VG19,Resnet50 and Mobilenet for Bangla Sign Language
detection. VG19 is a convolutional neural network (CNN) model that can be
used for image classification, while Mobilenet is a lightweight CNN model that
can be used for real-time object detection.



To train the models using the pre-processed dataset. This will involve us-
ing a large number of images to train the model, and adjusting the model’s
parameters to optimize its performance.

To test the models on a separate validation dataset. This will involve using a
smaller number of images to test the model, and evaluating its performance
by comparing its predictions to the actual labels of the images.

To train the raw data. We use the initial data we labeled before pre processing
and note down the result. We then compare the data before and after pre
processing to see if there is a major impact in models performance.

Once the model is trained and validated, use the model for real-time detection
of Bangla Sign Language. This can be done by using a webcam or other device
to capture live video, and then using the trained model to classify the signs
and gestures in the video in real-time.
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Figure 3.1: U? Net Architecture

3.2 Image Pre Processing:

The pre-processing can be divided into 3 steps. Background removing, Gray Scaling,
and finally Image Compression using FFT.

3.2.1 Background removal with U2-Net:

U2-Net is trained on a dataset of images with corresponding binary masks that indi-
cate the background and foreground regions. The network learns to map the input

10
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Figure 3.2: Process flow diagram

image to the corresponding binary mask through the encoder-decoder architecture
and the squeeze-and-excitation module.The encoder part of the network is used to
extract features from the input image and the decoder part of the network is used
to upsample the feature maps and combine them with corresponding feature maps
from the encoder to refine the segmentation results. The squeeze-and-excitation

Original

No Background

Figure 3.3: U? Net output

module allows the network to focus on important features in the image by gener-
ating a set of weights for each channel, which are then multiplied with the feature
maps to produce the output of the SE module. Finally, the output layer produces
the final binary mask that can be used to remove the background from the original
image.

3.2.2 Gray Scaling the Image:

Grayscaling an image before applying the FFT can improve the frequency analysis
of the image, as it reduces the computational complexity and noise. The FFT algo-
rithm is used to analyze the frequency content of an image, by decomposing it into
its sine and cosine components. When an image is in color, it has 3 color channels
(R, G, B) which contain different frequency information, but gray scaling an image
merges all the color channels into one, providing a more comprehensive frequency
representation of the image.

11
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Figure 3.4: Gray scaled image

Additionally, grayscaling removes noise in the form of color artifacts, which can
interfere with the frequency information in the FFT, resulting in a clearer and
more accurate frequency analysis of the image. This can be done using the cvt-
Color() function in CV2; which takes in the original image and the desired color

space conversion as inputs. For grayscaling, the desired color space conversion is
cv2.COLOR_BGR2GRAY.

3.2.3 FFT Compression:

FFT (Fast Fourier Transform) image compression involves representing an image in
the frequency domain, rather than the spatial domain. A grayscale image can be
represented as a 2D array of pixels, where each pixel is a single value representing
the intensity of that point in the image.

The FFT of an image is calculated by taking the 2D discrete Fourier transform
(DFT) of the image. The formula for the DFT of a grayscale image is given by:

F(u,0) =33 f(x,y) * 2GR

where, f(x,y) is the pixel value at position (x,y) in the original image
F(u,v) is the pixel value at position (u,v) in the frequency domain
M and N are the number of rows and columns in the original image
¢ is the imaginary unit

Once the FFT of the image is obtained, it can be compressed by keeping only
a certain percentage of the data (e.g. 10%) and discarding the rest. The most
significant values in the frequency domain are typically the low-frequency values,
as these contain the most important information about the overall structure of the
image. The compression works by taking advantage of the fact that the majority of
the information in an image is typically concentrated in the low-frequency values of
the image’s frequency representation. In the FF'T of an image, low-frequency values
are located at the center of the frequency spectrum, while high-frequency values are
located at the edges.

12



Figure 3.5: Image Frequency Domain

3.3 Model Description:

3.3.1 ResNetbs0 and ResNet101:

In the study ”Deep Residual Learning for Image Recognition” by He et al., presented
a new architecture for Convolutional Neural Networks (CNNs) known as ”Residual
Networks” (ResNet) that aims to overcome the problem of diminishing gradients in
deep networks. The authors proposed adding a connection, called ”residual connec-
tion,” between input and output of the same layer and using them to learn residual
functions. The residual functions are the differences between the desired mapping
and the initial representation. This approach allows the network to learn more effi-
ciently even when it has a large number of layers.

The authors demonstrated that ResNet architecture outperforms previous state-
of-the-art CNNs on several image recognition benchmarks, including the ImageNet
dataset. They also showed that the network can be easily scaled to hundreds or even
thousands of layers and still achieve good performance. This study emphasizes the
importance of addressing the problem of diminishing gradients in deep networks and
suggests that by using complex CNN architectures such as ResNet, deep learning
models can achieve better results and be more robust to variations in the dataset.

3.3.2 MobileNetV2

In "MobileNetV2: Inverted Residuals and Linear Bottlenecks” by Sandler et al., the
authors presented a new version of the MobileNet architecture that aims to improve
the computational efficiency while maintaining high accuracy. The architecture of
MobileNetV2 is based on the concept of using ”inverted residuals” and ”linear bot-
tlenecks” to improve the efficiency of the network.

Inverted residuals are a type of residual connection that use a linear bottleneck to
reduce the number of channels in the input before being passed through a depthwise
convolutional layer. This can be represented mathematically as:

y = H(x) + F(x, W)

where y is the output, x is the input, H(x) is the shortcut or identity mapping and
F(x, W) is the residual function that is learned by the network.
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Linear bottlenecks are used to increase the capacity of the network without in-
creasing the number of parameters. This can be represented mathematically as:

y = F(Xv W)

where y is the output, x is the input, and F(x, W) is the function learned by the
network.

The authors demonstrated that MobileNetV2 can achieve high accuracy on sev-
eral image recognition benchmarks and it can be easily scaled to different resource
constraints. This study emphasizes the importance of addressing the trade-off be-
tween accuracy and computational efficiency in deep learning models and suggests
that using complex architectures such as MobileNetV2 can improve the efficiency of
the network while maintaining high accuracy.

3.3.3 VGG19

In the study ”Very Deep Convolutional Networks for Large-Scale Image Recogni-
tion” by Simonyan and Zisserman, a new architecture of Convolutional Neural Net-
work (CNN) named VGG19 was presented which is known for its deep architecture
and large number of parameters. The authors used multiple small convolutional
filters, such as 3x3, in a very deep network, with a total of 19 layers, 16 of which are
convolutional layers and 3 are fully connected layers. They argue that using multi-
ple small filters allows the network to learn more fine-grained features and achieve
better performance.

The authors showed that VGG19 outperformed other state-of-the-art networks on
several image recognition benchmarks, including ImageNet dataset. They also
demonstrated that the network can be easily trained on large datasets and still
achieve good performance. This study highlights the effectiveness of using deep ar-
chitectures and small filters in CNNs for image recognition tasks. It suggests that
by using a complex CNN architecture like VGG19, deep learning models can achieve
better results and more robust to variations in the dataset.

3.4 Dataset Description:

3.4.1 Dataset Description:

The dataset used to train our proposed model was a representation of the Ameri-
can Sign Language(ASL) which has images in different lighting environments and
different backgrounds. The dataset contains a total of 29 classes which include the
alphabets from A-Z and furthermore has SPACE, DELETE, NOTHING to be rep-
resented for use in text transcription. The dataset contains a total of 223 thousand
images. The following image represents a sample of different classes in the dataset.
We used this dataset to establish our proof of concept while creating our custom
dataset.
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Figure 3.6: Dataset representing American Sign Language

3.4.2 Our Custom Dataset Description:

The dataset used to train our proposed model is custom dataset created by us.
There are 10 thousand labelled images. Each alphabet has over 200 images. We
created Ishara Lipi Bangla signs for each Bangla alphabet. We recorded around 10
second video each alphabet, extracted them and labelled them. After that we pre

processed them and labelled them again.

Each image was 640x640 pixel size.
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Figure 3.8: Class diagram with Train Test Split

3.4.3 Pre-Processed Dataset:

Here each image is 213x213 pixel in size. The background has been removed using
U-2Net algorithm without harming the main focus of the dataset, human hands.

> UK U
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Figure 3.9: Background removed image using u2net

The images have been compressed to 50% by using Fast Fourier Transform, that is
we have dropped 50% data from the images.
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Chapter 4

Preliminary analysis and
Conclusion

4.1 Image Pre processing:

The pre-processing resulted in a severe decrease in parameters. Following graph
shows the change in parameters for model training of an image and dynamic range
of image at different stages of pre-processing.
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Figure 4.1: Parameters Decrease at different stages
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Figure 4.2: Change of Dynamic Range at different stages
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4.2 Model Training Result:

We have used the above mentioned dataset on different models to see the accuracy
of sign language detection. Following models showed a high amount of accuracy

Model Test loss | Accuracy
ResNet50 | 0.11408 | 96.91%
MobileNet | 0.11784 | 96.30%
VGG19 0.11133 | 97.24%

Table 4.1: Different model training outcome

accuracy
s e & a a e o
W W L o o B o
(=T~ v R S -

Model accuracy

Model loss

— frain
val

~

0o

0z o4 06
epochs

08 10 00

02 04 06
epochs

08 10

Figure 4.3: MobileNet Accuracy graph
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Figure 4.4: ResNet50 Accuracy Graph

4.3 Model Training Result:

Based on that we have implemented Restnet50 and VGG19 for our dataset. We ran
it once for regular dataset and then for pre processed dataset. We have noticed two
things.

e The pre processed data took very less time, as illustrated in the table below
e To accuracy is unaffected as well as loss.

This signifies we achieved same result within less time and a huge decrease in com-
putational power. We converted the image from 3 channel RGB image to gray
scale. With background removed and image compressed to 50% using Fast fourier
Transform, we achieved high accuracy within short time.
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\ Regular Dataset ‘

Model Epoch | Test loss | Accuracy | Time/ step
ResNet50 30 0.1055 93.48% 901ms
SSD Mobilenet V2 | 40 0.0961 93.98% 698ms
Inception V3 30 0.1377 93.81% 1s

’ Pre Processed Dataset ‘
Model epoch | Test loss | Accuracy | Time/step
ResNet50 30 0.1392 94.30% 120ms
SSD Mobilenet V2 | 20 0.0955 94.25% 96ms
Inception V3 30 0.0879 94.14% 233ms
VGG 19 30 0.1220 93.21% 483ms

From the table it is evident that we reduced time for every step in model training.
Here we showed how much time it takes for every step in a single epoch. We set the
batch size to 32. For regular dataset, VGG19 we had to set batch size to 8 due to
GPU limitations. We utilized Google Colabs T4 GPU with 15GB GPU RAM.

4.3.1 Observation:

The VGG19 model couldn’t work with batch 32 in those conditions with regular
dataset however, with Pre processed dataset we observed it could work with 32
batch size.

We also observe minimal change in loss and accuracy. hence we can conclude we
achieved high accuracy without loss of quality with a relatively small dataset and
low computational power with our pre processing approach.

4.3.2 Graphical Analysis

Here in the following graph we can see the output of our results compared. We
showed Accuracy graph, loss graph, Confusion matrix. In the Second confusion
matrix each number represents a Bangali alphabet.

20



Model Loss

Model Accuracy

4.3.3 Resnetb50

Regular Dataset
Regular Dataset

Resnetb50

—
5 ® ~ © n - m o~ —
] | |
=2
| | ’
° -0 codlo~rd1o-na~no oMo ~ncddno oo
o omlemo AN NA A 2001152].010.22110
crdoflonm-r dnoMNoddmMr Ao HOoONOO AN AN Ao
w O 00O MNHOHHHAMNOOHMH 2110210000.010111201
2% < ccodumdoocrnrddanomon-domMndflicoococoo H N
& w n22%0-2120211120222212111.02101021
& coorornnElnnnoncoc oo o0 AN nf@Eo -
° G crdncooffn~nrnococordonNac o ~ocfloocromNnococoo
- o dfJrunococmoMoo i AN 12210&012020211
> nn.@llunhll!Zl.ﬂzuzanZUZl oo ~
Q 00002112100101110022020000.200 - o~
0 m locofl~onccoomdoodrndoddnNN--NOO oo
\ =} an‘EZZIUZ 1““12125121 o~
b, Q cooAddodoONNOAONmMHOOMNOONHO AN~ ~m o
— o O AN N A AN AN A A AN O N HoHdHOo oo MO AN HoH O AN
A HOHNO A A NN N W 1020011102&1101.0412
b ° 2 his o o .mnln.21220.2221 11%2%0“202100000“00
sson e M110020.1121011010 Aefmonm - nnom A nElomo
sso1 — Z oMo NAdAdA A A AN AN A A OO N A0 A MO e O
3 @ SR~ NoNNOCHON A NN NN 0-1.1111201
N oo AHO A A NMNO O NN oA CNNOAHOOMNMNO N
% E oo 01.010011100111211001210im02121
- R Sneccfuo oo - ERGIGIIEICT R R I - @o -
N ln2221“011212.22110222021 NOoOOMNHOMNMNMN -
.o NooAdMoNAAodddddNoOoANOANANOANNOHM-o -
5 nlnl-ﬂﬂn11102102022.121001212.401200
] <A flrtoccordordodondflnco“odnHo~“oNONO HnNHOHH
) 0011000.11210101111.211 NN — oA
o HodnAd AN dodmoonmno A nofn Mo A Am Ao Ao
.,m.m ] 100.0“222111000211 ocHHoOoHHMNOO 210“021
2 .Gl.b ocHdrdonnndn-ddondm-oflnan -t Ne A HOoOH A H00 NSO N
r crddoddBle o+ +dloo oo~ 2.&112.21 I )
- coonnrncEERdNcnn <o nfle dliaronnn ElnEo -~
- nlm2202 03020222 21000.1010 Unmllﬂ
oo HHON 0225212010 0002110001011.000
s, cCooHHdO0OCONCNOOAONANNHAHAdAd1O 110000 NHOO A
m 101102121100111001.21004100000011210
,mﬁm ccoddmNHOCcOOOOHddOoHOOOO0O0OHoOoOo HooffiNo ond o
coocooooo-NHCcoo-HoDOo0HOCcOMNOH A O HOMNHOOOO
__\n [ T T S e e T T e L T e S S S e S R R
0T ZCEv S 9 L 86 OTTICIETIFISTIOTLIBIOIOCTICCCECHPESTITLEBERZ0E TE CEEE PE SE
EI 'TEERE: femay

foeanooy

1X

Ezoo0Blz2o00f02
1

1120212010

0
1

011110
2721 1|2
e
21

Predicted

33

021102002002211020220011

ResNetbH0 Confusion Matr

101

10 1
10
i

3a

Figure 4.6

0110

2202

33

012345678 91011121314151617181920212223242526272829303132333435363738

-10210/231 001 111101111)2
=11

-110

'

0
m
~
L3l
@
gl



Pre-processed

Confusion Matrix

5701000000000001120021112100100001001100

=

~-000000211001110011100001000010/22010112

oo dofolncdadrddnddnocoondfla-fa- o --8
051212@“11002311000252 HH A ANN A Ao -
ArdnflocococcfflcordarddNN~OoNO AN HOoOoNHdNHNCO-8
011%0151012222125210105000111512020|ﬁ
cdocodomddddnNodnomNcoocoofflocodococcoomnoA00oO-3
- K -~ B~ ~ 2221021122%01101510051110wﬁ
NN HOONMN mfilmmnooffinfflocr o000 oo MMNO OlN o
nocrddfflc icorrroodrocrANcEocBEccNrNoco AN A-7
cflcnanmoflflce - ~ B nEEl~ -~ cEl"cNcoAdan~NOOO-Q
NN HH00Ho00O0HdANNOOCOCOHo0oddddocoodooflilooc dno-g
NH NN N A A A A 2222111100201110122“0051|H
oNocomNoAdANOAlooNN A~ O A nonoln EIGI
IZZEZE_zl - B~ - ~ o~ 2
ododaAnmN—~too0ocoAA0NOolNeO-oNONNOC - o -o-9
And—A i lnncflcnnodoHdocoNAAHONNH O o=
01021“022“01 noddno o~ dn o~~~ o o-dn-0
=} AN NO AN AN o-HHOC NHNH NS Ao A ~noo-§
1@“0121201001 0122%0202 ~ ool -5
10101221111211001“22111131@“11 AN A A NN-S
NN Ao OHAdNAddr A NOoN AN nfllornnnno AN oflaa-3
mEZZlEnanEUZZDEZ noffec elnHonno ~ncflS
OMNHOOHOHHHOOHHHHN A A NHOOANAN-HO N Hofi]nNo-N
codoMdodard~coodffli-nnNncdonNnNNoNN Ao ~N-o-8
AnnNonNNooroodflodtoriln oo ol NN~ N A
“on-~-~-do-dooolillollo 211101“0122222001%”B
0001022111“@2100100101102110201200101\H
0521201112001 HoH o A NN =] NOoHHAd A4 Ne -
ocmcocoRMan—d -l -ncfolnc ~ ~El~ alaiad ~ ERIEREICT N - =]
lal “NMNOHNCOoOocoH H o o Hddmn 222@“011022|9
Andldncdnordc A offJloonn o+ ool ~“non~o~~fo-©
oo~ 011220200250212“00221121 A cadfll~on-~
IR = B~ BREYG OHANANANHANSONNHOANMNH Anfilo o A -0
BRI Uuﬁlnllzl ArofflodoNdANNCANONHOSHO-1n
crorfornrarn~fllonBlonocnnflloo~rn~nooo A nflla-T
HO 4 O MND OO0 O0OHO0 0O MNM™NAMN H N AN O MNMNAH OO OO HODO0 OO HHA-M
NHO A0 NO-HHNODODOHHNHOANHAHODOHOOHMHHMHOO -0
1011000101011010001000111111100110%0w1
cHoocOoOHoDOoOHOOHOOHOOHHHOHAONOAOHAHO HS OMOM-C
TH S T T e e T T T S A T S S S S S S BT S S

CEV S 9L 86OTTICTIETFISTIOULIBIOIOCTEZZECFTSTICLEBLOL 0L TE CE EE vE GE 9E LE B

|en1ay

Predicted

1X

ResNetb0 Pre processed Confusion Matr

Figure 4.7

— wain

—— validation

25

20

Model Loss

15
Epochs

10

0.7

0.6

0.5

0.2

0.1

25

20

15

Model Accuracy

— train

—— validation

10

10

0.9

0.8

~
S
Koeanaoy

©
S

05

04

Epochs

ResNet50 Pre processed Accuracy Graph

Figure 4.8

22



SSD Mobilenet V2

Regular Dataset Pre-processed

c
S
®
£=
£z
58
4 \
3 |
3 —
< Il//
o
=
L —]
\\\
—
_
T
—
~ T+ m & o~ °
ss01
c
S
©
£z |
£2
N\ 58
> Ny
2
3 —
¥
< |
@
©
=]
=
AKIJ
—
S
—
[
L
o o @ ~ © w B
a S S S s E S

Roeundoy

25 5.0 7.5 10.0 125 15.0 17.5
Epochs

0.0

5.0 75 10.0
Epochs

25

0.0

Mobilenet V2 Accuracy Graph

Figure 4.9

Confusion Matrix
©-000000111001001121111301B01000000000000

~-000000210001000111010221002010100110

0

~n72001020001210111211111001122210100

m-111110F012 23011020020

0110

0
1

2

o

m
o~

a
o
o~
o
—
o~
—
—
<

Iuouo

oflz121111100
—000102120121100 001101

0002222002
10281 1241
110

11

11

21
0

oo

™~ ZEZ

(=R ~ [=]

~
=
-
~
-
o~
=
~
o
=
i
6

o H A A
e N o
NNO N O N

~ o olm-

~ oo
o o —
— oo ~

~
o
o
—
—
O AN N
Il BT - |
Nnoofma -
ANo a0
H0 00 ANH
o MNO A0 0
Euuluzn
coHoooo

-

cooood
[ R R B

OTTTET ET¥T ST 9T

1

— (2 =1 -~ o
O A AN MmN N -

m ~ — o

| | |
A~ ocMnonnoomn oo N A A O A8
oHo 1002.11.11121122 —-5
o
A rdndonfforo~oconoc IRl e
~N o= uznlnluullnnllluunlﬁ
Ao A dm o nnoffJocoro oo A N-F
—m AN AN Ao N oM - | om-3
- orormmadflmo~no o ~-H
AHoodododdmnnoonmo o ofla-g
nnocon@n@aEl-conn - NOommoOO-8
NeAddddNd A drdfld-AnooNoA-8
com .211 2100011.12I1|m
AN dndofl~ocoonoa~o -5
_©
S A o o o I~ o o -
-~ NoOoOOmNONHOHHOH o-0
I I I I I I o~ o-g
_m
o A4 Hodoodm~ Mo dodo-0
=) NN S o o H N -
o
™
o
~
o
—~
@
=

o

12
2
21110211212001011022000122121002211110

o ™

- -

o o

~ -

~ -

o —

o o

~@- -@

™~~~ ™
nElocrronrnNANNNAflc@l-o-oq-8
o~ ™ 2122020.“21021“101IK1J
HomMHAHOoOHdMMNOO O AN HMmo H oY
SR 12110.011212222021|B
ocnrdoordfnocnoroordddoodmo-0
orflnranMco-dHoNaN Ao HHo -
Noodmod oAt dno ddo A A M-
™~ o= (=] H O AN AN DO NN O NN-D
21- OmNHOoOOH0OmMHAO A NO A NNM-®
o Anc AN~ Anadd At ano-~
HO AN HNN A A 222112mln..2|ﬁ
c o Anddfanan oo NN A-n
0.] -, (- 20“‘00201.11-4
A 10 10 HO HONOOHMNHOMNMNOSHON-m
2.1 HONHOMNOMNHODONOMHODO -
onNHdnNHdoocoNOHOO oM~ HoNOoO-
~omNooHHoONODOOCDOCOOOCHO -
O s s
LIBTBELI0CTZCTETPT SCIZLE BT 6Z 0L TE CE €€ ¥E GE 9€ LE BE

[en1oy

Predicted

1X

Mobilenet V2 Confusion Matri

Figure 4.10

23



—— validation
17.5

15.0

125

Model Loss

Model Accuracy

=
oF
<
o
>
Q
=¥ m 50 =R - - FEE - SR - B - o
— =g = N - X o n ~ oEARINI~ AN H oo H
& ol O HRIM H O HAAA AN A A~
- S ~o ] fed] ] ] = [
2 o NHcocococMMooOHMHOOO
< B oMl aRl= o o o o YRl -
B NoE~En - ocflo o N n oA
2 = “oo El~~~ncnoolanome o
) o EEEEELEE - - R
L —| 2} B~ N~ o~~~ ~o oo ©
L— n n coo HHHOH0O0O0O0OMNOOMMMO
—_ | o~ L o o - AN H NN N codooNo o
T % z1ume%HE BB~ [ ~EEde & -~ ~E
o e cooNEl~o Mo -N~Noo-ooNe o ~N-nmo[-nNo o
S cormflaciaanafflocon~~aanllo~flacmofforocnnoooa
A 2 o o [ o o o Y o B o Bt < B - o 1 K o
ss01 m nuzu1nznﬂnﬁﬂm1111 R gy I P i
Zcorofn~onnnoffo~nE~ Mo 1zulmzzol@1uﬂ1z
= Ay S om ot o [l I - RN ~ B G o [ BN o e
8 3 oo 0NN~ - -caa-oa~of-ocon ~ - B
g N N E oo AN ANONOOO NSO HO0 NG NG NNO OO NO
3 (A > Soonomnnoo N ofaa N~ o AEIEIN < o © n
No B~ ~ BN RNoce NN~ - NN Addddoo
__ o +> cocfapa~ - offJicco~~o~f-~Nno~o alno Ao a - o
i <] mordmnmmordoMaon Ao~~~ Ao o s - o -
= cococcHNANMOMONOHOHOHMOOONNHG dommOO M A
" < 7 o o M~ o o [F o FEEE - - R - - e o ol o
o — uuu1111zlolaozlmﬂu No oA NN N
- e croaafil~nElno“n—oao W~ ono - crnofl~n~o
) HorMmoomommoonoNNN -~ NN~ o I
=g ~ oo NENaI ~ ~ o o ~ ol -l o ~n ~[lo e o oo [~ o o
5y = T o oy Pl =l grte e B g
n . coroNOoHNNANAA-~NAB]oo oo ERET ~ [0 B
~ — cocomonfocronmolmofo ninafEoo~on~ olNmooo NN
— oo~ ~occormANocoocoono A~~~ olnm afeo o
° <5 cNmdoocrmafflormornoorooMocomamoo HoooooH-
b HooOHCOOOHHOOHCOOHOOHO HHHOH cooronm
L L T T T T T T T T T e A
’III’."'.I/Il’l <) 0T ZEP S 9L 8S6 OTTIIZIETPISIOTLIBIGIOCTEEZEZ YT STOT LT BT 6T 0L 1€ ZE €E PE GE OE
l}/m m |enoy
" &
3 o
3
° [ @ ~ © n =
3 3 3 S 3 3 3
Aoeinoy

1X

Opjg1 10200101

202210 zﬂ
DRONURSAONN
012345678 91011121314151617181920212223242526272829303132333435363738

Predicted

Mobilenet V2 Pre Processed Confusion Matr

Figure 4.12

Inception V3
Pre-processed



—— train

—— validation

25

20

15

Model Loss

10

NI/

P

ss01

1

25

20

15

Model Accuracy

10

— train

—— validation

10

0.8

©
S

=
=]

Koranoay

0.z

0.0

Epochs

Epochs

Inception V3 Pre Processed Accuracy Graph

Figure 4.13

Confusion Matrix

9701000000000001120021112100100001001100

oo rofolo rairdddad dalo o oM AN - oM --8
“en oo offloo ~~n o ~RN~ONCHNSMOON nN-nNoo-§
0115@015102423212521010E10011141znzn.ﬁ
cMocordordMHrroocomomMocoocffloccocoooormonooo-g
I < m e < | [ “ 2221021122“@01101510031110\3
NANHCONN affl-necoffl-[fJlc~~cccoroonddo oA
Aocodanfifloicornnrooddo A nfEnEcBEle N A NC O H AN H-g
ocfcnan oo o = < ~ )~ -~ ~cBl~cNocomaNmnNooOO-2
Bmlznlzllogz anmomnoafenonononEe oEEo-2
AHN-NoOCOOHONHHOOOHOHOGOGHMOOH B
cnconorAdodfilooma ol ~nolNon Nolmnna-§
2R A e - B e e - do~m§
O MO HNNHOOOOHHONOMNNOGOSMNGNNOC como-0
A~ e affle o=~ 0o - HomNm-F
orolMoMondNo - NAloHHH oo HHNo oo T
ocfl-nNoAdadncddfio oo o o-g
R e - - - - -
IR I e - T N
IR~ © © [l v e oo ] © [ = [ of~ -2
B~ B C - o oo~ o cmmomo oS
g omp I8 E - B
corolNAe Ao A+ NN No N e “ae-9
BN -~ BRI BRI - B 1am01221010\m
AN NoNRNNOCOHOC O Ao o -lua ey - ESINPTS
ey M = el e = - G
o o o I R o o e g o B
cRJE~Eo - ~ rflo o Ay A B-B=- - amem--
cnocoofad - B-N~Eloac 1llﬂm1u1zzam
-~ com Ao ANNN-fo~~onn-o
- ~offJo om0 ArnomAon Afo-w
=) ~ o o oo n ~n I o BRI o P IS IY
" B e g B Rceb e LR R
AN ISR - B - | AdNNONoONH©OHO-
oxo e ] Ao nBlolnon AranNANo oo anE~-~
HoMOoONOOOCOMOOCONNEAnNE]~A~ HO0O0OOHMOOCOOHM-m
NeMomAddoMlorlocod~mdo~ ocmoomeardoof~-n~
o geg PR By e W
©CHGCOOHOOHOOHOOHOOHHHOHGNGHOHAAHOA00 NS AN-0
R I R T e A R R A S
TEP S O9L 86 OTTIZIETPISIITLIBTIOIOCTCLTET YT STOT LT BT 6T 0L 1€ ZE €€ PE GE OF LE 8E
1enyy

Predicted

1X

V3 Pre Processed Confusion Matr

Inception

Figure 4.14

25



Model Loss

— train
—— validation
25

HHo
NN
mo
-~ o
coo

Epochs

oo
-~ O
m o
s

=0
oo

222220112021

A

=
4

o -~

s~ m

HHo

3.5
3.0
254
2.0
151
104
0.5 1
0.0 1

-~
SRR
- o

Model Accuracy

=
=
o
=
o
=
=
o
m
=
o
=
o~
=
o~
™~
o~
=
=
o~
S eym o
meo o
om -~
NN
NH o N
[ N ]
o
o~
o
o~
™~
=
o
=
™~
=]
™~
o
o

Confusion Matrix
©-00011010001000002111@011100000000200020
~-00101010000100110230211100021110000000 1
~-00000111121230011003130000100000@211100
m-0111/4201113111210231231131/42042101022[41

<-1/21001/2111/211012 290122110801 20112201/21
m—00201110100302011412123001410201000211

—— validation
c—1000323ll33022021113212103231111000432

[=I=RN
o~

VGG19 Pre Processed Accuracy Graph

~ o~
& o o
o~

o~
| B

(=R

Epochs

- o
-
o oo

0102221100112 12301312 112 128012000212131
—13010333001110111000101021402132123220

S-10/2181121101/21§8112 0211011100810 82552101 0/2
§4-000010130/2 3102 212[312122§ 20201301122 030

Figure 4.15

oo

oo - -
[ e B

PISTIOT LI8T610C

-12222324131203201220301111

m—10012120221203121111101111B400101002220

m7100301212321122121522130303201110101002
j700100001201302112000002411011212220302

m
o~
m
—
o
o~
—
m
—
o~
—
o
o~
=
m
-
~
-
o
o~
~
o
o
-
~
o
=
~
o~
—
o
o
o~
=
o~
=
~
-
o
'
€Z

~943/02100221112112112231102@01210112102122
©-010120/211011121211 1 2 2511 11FESI0S11111120)S0

10

Pre-processed

VGG 19

0.9 1
0.8 1
.7
0.6 1
0.5+

s len1oy

Areinooy

1X

10000111

3 101118
©-010021122211020/3200000000120/32331200203

R
Predicted

VGG19 Pre Processed Confusion Matr

Figure 4.16

012345678 91011121314151617181920212223242526272829303132333435363738

-00102012123202011240001120201120@4100000

-121122 28

5-00011023
-012223133@F2121220/31012021102102001101[3

F-10/2000/20011011/20/200/2§32 210 13112 0 0251 1 232
@421 0 0211 12|00 10012110022 021211 10111\E11110
R-020001211022132210233123013011E1130 101
m-01101/22100001121(20/20/211120{210 03102112 0}y
7011120B22001302112122320103012111012020
®%-10012122221000211111010000{2111FH00200111
w-001/211101111101001120g22220110102200100
©-00012201/200100/2Y1010/212§01121010F1 13001
m-2000132102022012000 22302 3011313013212
©-0§2721011001ggl 12128211120 1[210{2110 1211 0f2/0 1 0211

n
~
o
o~
o
el
oM
m



Chapter 5

Conclusion

5.1 Conclusion:

With this research we expect to help the differently abled community and researchers
aiming for the same by finding an optimal route to identify BASL and to develop a
pre-processing technique and an architecture consisting of the most optimal model
capable of accomplishing that. The comparative research aims to help multiple
future works in the field of BASLR and in turn help mitigate the hardships of
hearing and speech impaired communities of Bangladesh.
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