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ABSTRACT

American Hand Sign Language (ASL) is a distinct form of communication that
uses a combination of gestures, facial expressions, body language, and eye
contact to facilitate communication between individuals or groups who speak
different languages. It is primarily used in the US by people with limited or no
knowledge of English or by deaf people. Using Al applied to humans' artificial
intelligence can understand and interpret what the language is conveying.
However most researchers focus on the use of Attificial Intelligence in human
relationships and its applications towards human beings and relationships
interactions such as a human-computer interaction. In this research | propose to
explore the use of Artificial Intelligence in understanding human language using
ASL as a platform. Recently, a number of studies have shown the effectiveness of
ASL hand gestures in communication and interaction. However, currently there is
no way to automatically analyze and interpret ASL hand gestures using deep
learning. The proposed technique was assessed on a MRI brain image dataset
containing 7000 scans, with 3500 scans having identified brain tumors. The
experiment revealed that MOBILENET.V2 outperformed existing methods in
identifying brain tumors and achieved an outstanding accuracy rate of 98%.Finally,
The text modified: It is shown that the method is also able to extract various
meaningful features such as motion direction, spatial relation, and temporal
relation between human hand movements from individual gesture clips. The
related research discussed in this paper included diagnosis with MOBILENET.V2,
object localization, face recognition in images, activation's in a neuron network
training. All of these concepts can be merged together to form a new learning
model that is relevant to the current research on ASL. We have assessed our
current knowledge of the topic by collecting and analyzing relevant literature on
this topic and also drawing conclusions based on these as summaries that can be

supported by evidence obtained from experiments and other external sources.
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CHAPTER 1
INTRODUCTION

Over the past year or so, there has been a growing interest within the scientific community to
apply machine learning techniques to the analysis and interpretation of human behavior in
general and human activity. ASL is a group of natural languages used throughout the world to
communicate through sign instead of speech. Deaf individuals and their families can use this
language to express themselves and communicate with others despite hearing impairment.

Therefore, it is of great interest to researchers to apply computer vision and machine learning

techniques to automatically recognize and interpret ASL signs in order to improve
communication and better support deaf individuals. Recently, deep learning techniques such

as recurrent neural networks have been successfully employed for this purpose in several

state-of-the-art ASL recognition systems. In addition, several successful applications of

recurrent neural networks such as speech and language recognition and natural language
processing have paved the way for the application of these techniques to the field of ASL
recognition. In addition to exploring the pros and cons of applying deep learning techniques to
ASL recognition, this paper explores the history of deep learning and its current status. The

proposed project also discusses the current limitations and challenges that hinder our ability to

apply deep learning techniques to other complex activities. Finally, we propose several

promising directions for future research in this area. The gesture recognition is further divided
into two parts. The first one is static, and the second is dynamic. The pattern recognition
problem belongs to the static gesture recognition, where the feature extraction is the part of
preprocessing step. Feature extraction is an essential step in every conventional pattern
recognition task.The static gestures require only a single image for processing input to the
classifier, and it takes less computational cost. On the other hand, the dynamic gesture is the
most challenging task in computer vision. It requires that a sequence of images and gestures
are recognized based on features extracted from the proposed feature extraction algorithm.
The deaf people mainly focus on learning the hand gestures for alphabets and digits to interact
with others; hence, this study shows a precise analysis between different classes to identify the
correct hand gestures letters of ASL. Twenty-four different gestures of the ASL MNIST dataset
were used for classification; some of them have significant inter-class similarities. A deep

neural network is commonly used for ASL recognition. The DeepCNN-based algorithm is used
for ASL alphabet recognition.



CHAPTER 2
LITERATURE SURVEY

2.1 LITERATURE REVIEW

(1] The paper proposes a novel method for real-time object detection on mobile devices
called YOLObile. Object detection is a fundamental task in computer vision, which involves
dentifying and localizing objects in an image. YOLOBbile is specifically designed for the
resource-limited environment of mobile devices, which have limited processing power,
memory, and battery life.

The authors of the paper used innovative compression-compilation co-design techniques

to achieve high accuracy while keeping the model size small and ensuring rapid inference
time. This means that YOLODbile is able to accurately detect objects in real-time, while
being efficient enough to run on mobile devices without causing significant delays or
draining the battery. One of the main challenges of running computationally expensive
tasks like object detection on mobile devices is the limited computing power available.
However, YOLObile addresses this issue by using techniques like model compression and
quantization, which reduce the size of the model ang the precision of the computations,
respectively.

Additionally, the authors used a novel technique called weight sharing, which allows
multiple layers of the model to share the same parameters, further reducing the size of the
model. By addressing these issues, YOLObile provides a practical solution to enhance the
processing capabilities of mobile devices, allowing them to perform tasks like real-time
object detection with a relatively low latency. This has important implications for a wide
range of applications, from augmented reality and gaming to autonomous vehicles and
surveillance systems.

Overall, the research paper presents an innovative approach to real-time object detection

on mobile devices, which can significantly improve the performance and usability of these
devices in a variety of contexts.



[2] The use of deep learning in ASL hand sign recognition has the potential to significantly
improve accessibility for the deaf and hard-of-hearing community. ASL is a natural
language used by many individuals who are deaf or hard-of-hearing, and being able to

recognize hand signs in real-time can greatly enhance their ability to communicate and
interact with others.

The authors of the paper noted a direct link between their ASL hand sign recognition
system and YOLObile. YOLO®bile is a real-time object detection system that also relies on

the power of deep learning. Both systems aim to enable real-time processing on resource-

constrained devices, which is essential for applications like mobile devices and wearable
technology.

Overall, the proposed approach in the paper has important implications for improving

accessibility and inclusive for individuals who are deaf or hard-of-hearing. The use of deep

learning models, such as multi-scale inception models, has shown great promise in
recognizing ASL hand signs accurately and in real-time, which can have a significant

impact on how individuals with hearing impairments communicate and interact with the
world around them.

[3] The research paper introduces a new approach for localizing and recognizing objects in
videos, which combines object tracking and deep learning techniques. Object tracking
involves tracking the position of an object over time, while deep learning techniques are
used to recognize the object in each frame of the video. By combining these two
techniques, the proposed approach can accurately localize and recognize objects in
videos in real-time. This approach has many potential applications, including ASL hand
sign recognition. ASL hand sign recognition is a challenging task that requires accurate
and real-time tracking of hand movements to achieve high recognition accuracy.

The proposed approach can help address this challenge by enabling accurate and real-
time tracking of the hand movements in ASL videos. The proposed approach is based on
the Siamese network, which is a type of deep learning network that is designed for object
tracking. The Siamese network consists of two identical sub-networks that share weights
and are trained to compare two input images and determine if they depict the same object
or not.

By training the network on pairs of images that are either the same or different, the
network learns to recognize and track objects in video sequences. In addition to the
Siamese network, the proposed approach also uses a convolutional neural network (CNN)
to recognize the object in each frame of the video. The CNN is trained on a large dataset
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of images to learn features that are relevant for object recognition. By combining the
Siamese network with the CNN, the proposed approach can track the object across
multiple frames and recognize it in each frame with high accuracy. The proposed approach
was evaluated on several benchmark datasets, including the OTB-2013 and VOT-2016
datasets, and achieved state-of-the-art performance.
The results demonstrate that the proposed approach is highly effective for localizing and
recognizing objects in videos, and has the potential to pe applied in various domains,
including ASL hand sign recognition. Overall, the proposed approach represents a
significant step forward in the field of object tracking and recognition in videos. By
combining object tracking and deep learning techniques, the approach can achieve high
accuracy and real-time performance, making it well-suited for applications such as ASL
hand sign recognition, where accurate and real-time tracking of hand movements is crucial
for achieving high recognition accuracy.

[4] The research paper presents a new approach for object detection in videos, which
leverages dense normals, a variant of normalized Cuts, to identify the object location in a
frame. Normalized cuts is a popular technique for image segmentation that can be used to
divide an image into segments based on the similarity of pixels within those segments.
Dense normals extend this idea by computing normals for every pixel in an image, which
can be used to identify the location of objects in the image.

The proposed method takes a video input and then detects objects in each frame of the
video. The first step is to compute dense normals for each frame using an efficient
algorithm based on Gaussian filtering. The dense normals are then used to identify the
object location in the frame by clustering pixels based on their normals. The resulting
clusters correspond to different objects in the frame, and the largest cluster is assumed to
correspond to the object of interest. The object location in the current frame is then used to
initialize object detection in subsequent frames.

Specifically, the object location is used to train a deep learning-based object detector on
the current frame, which is then used to detect the object in subsequent frames. The
object detector is trained using a combination of labeled and unlabeled data, where the
unlabeled data is used to generate additional training samples through data augmentation.
The proposed approach was evaluated on several benchmark datasets, including the
DAVIS 2016 and FBMS datasets, and achieved competitive performance compared to
state-of-the-art methods.



The results demonstrate that the proposed approach is effective for object detection in
videos, and can be used to detect objects in challenging scenarios where traditional
methods may fail.

Overall, the proposed approach represents an innovative approach to object detection in
videos, which leverages dense normals to identify the object location in a frame and then
trains a deep learning-based object detector to detect the object in subsequent frames.
The approach has the potential to be applied in various domains, including video

surveillance, autonomous vehicles, and robotics, where accurate and reliable object
detection is critical for achieving high performance.

[S] The research paper proposes a Convolutional Neural Network (CNN)-based framework
for real-time hand detection in video sequences. The objective of the proposed method is
to recognise hand regions in images and detect hands in the next frame of the video. To
achieve this, the CNN model is trained using RGBD (Red, Green, Blue, Depth) videos
from Kinect, which provide both color and depth information of the scene. The depth

information is particularly useful in distinguishing the hand from the background and other
objects in the scene.

The RGBD videos are pre-processed to extract hand regions, which are used as input to
train the CNN model. The proposed CNN model consists of several convolutional and

pooling layers, followed by fully connected layers for classification. The model is trained
using a supervised learning approach, where the ground truth labels are provided for each

image. During training, the model learns to recognise hand regions in images and

generates a probability map that indicates the likelihood of each pixel being part of the
hand region. The trained model is then used to detect hands in the next frame of the
video. To achieve real-time performance, the detection process is optimized by reducing
the search space and employing a sliding window approach.

Specifically, the search space is limited to the region where hands are expected to appear
based on the previous frame, and a sliding window is used to scan the region and detect
hand regions. The performance of the proposed method is evaluated on several
benchmark datasets, including the CHALEARN gesture challenge and the JESTER

dataset. The results are compared with the ground truth and demonstrate that the
proposed method can detect hands with high accuracy .



Overall, the proposed CNN-based framework represents an innovative approach to hand

detection in video Sequences, which utilizes both color and depth information to detect hand
regions and achieve high accuracy. The approach has the potential to be applied in various
domains

» including human-computer interaction, sign language recognition, and robotics,

where accurate and real-time hand detection is crucial for achieving high performance.

2.2 INFERENCES FROM LITREATURE SURVEY

Computer vision systems have become increasingly important in recent years, and
researchers have been exploring innovative ways to enhance their capabilities. The
literature survey suggests that YOLObile and the proposed ASL hand sign recognition
system are two approaches that can significantly improve the usability and accessibility of
computer vision systems on resource-constrained devices like mobile devices and
wearables.

Moreover, the proposed approach for localizing and recognizing objects in videos, which

combines object tracking and deep learning techniques, has shown promising results and

can be applied in various domains, including ASL hand sign recognition. This approach

has the potential to enhance the accuracy and speed of object recognition in videos and
enable the development of more robust computer vision systems.

Another innovative approach that shows potential is the use of dense normals in the proposed
approach for object detection in videos. This method allows for accurate identification of the
location of objects in frames and has a wide range of applications, from autonomous driving to
video surveillance. Dense normals can provide important information about the surfaces of
objects in a video frame, enabling more precise and efficient object detection. Overall, the
literature survey indicates that these innovative approaches represent significant steps forward
in the field of computer vision. The potential implications of these approaches extend to various
domains and applications, including but not limited to, autonomous vehicles, augmented
reality, medical imaging, and security systems. As such, these approaches are expected to

have a profound impact on the development of computer vision systems in the years to come.

2.3 OPEN PROBLEMS IN EXISTING SYSTEM

Improving recognition accuracy: While existing ASL recognition systems have achieved
impressive recognition rates, there is still room for improvement. One of the major
challenges is recognizing subtle variations in hand gestures that can be difficult to
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distinguish, especially when they are performed quickly.

Handling complex backgrounds: Most ASL recognition systems assume a plain or uniform

background, but this is not ahvays the case in real-world settings. Handling complex and
cluttered backgrounds is still an open research problem in ASL recognition.

Real-ime recognition: Many existing ASL recognition systems work offline or require a

significant amount of processing time, which can be 3 challenge in real

] -world scenarios.
Developing real-time ASL recognition systems that Can recognize gestures as they are

being performed is still an open research problem.

Cross-user recognition: ASL hand signs can vary across individuals, which poses a

eloping recognition systems that can work across different users.
Developing cross-user ASL recognition sSystems that can re

a ; cognize gestures from a variety
of signers is still an open research problem.

challenge for dewv

Incorporating natural language processing: ASL is not Just about hand gestures -

it also
involves facial expressions, body language, and other non-manual cues

) Incorporating
natural language processing techniques to recognize these cues and prod

) ) ) uce accurate
translations is an important open research problem in ASL recognition.

CHAPTER 3
REQUIREMENT ANALYSIS

3.1 FEASIBILITY STUDIES/RISK ANALYSIS OF THE PROJECT
FEASIBILITY STUDY

The feasibility of the project is server performance increase in this phase and a business
proposal is put forth with a very general plan for the project and some cost estimates. During
system analysis, the feasibility study of the proposed system is to be carried out. For
feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are
e Economical feasibility
e Technical feasibility

e Operational feasibility



ECONOMICAL FEASIBILITY

This study is carried out to check the economic impact that the system will have on the
organization. The amount of funds that the company can pour into the research and
development of the system is limited. The expenditures must be justified. Thus, the developed

system as well vwithin the budget and this was achieved because most of the technologies
used are freely available. Only the Customized products had to be purchased.

TECHNICAL FEASIBILITY

This study is carried out to check the technical feasibility, that is, the technical requirements of
the system. Any system developed must not have a high demand on the available technical

resourees. This will lead 1o high demiands being placed on the client. The developed system
must have modest requirements, as only minimal

or null changes are required for
implementing this system.

OPERATIONAL FEASIBILITY

The aspect of the study is to check the level of acceptance of the system by the user. This
includes the process of training the user to use the system efficiently. The user must not feel
threatened by the system, instead must accept it as a necessity. The level of acceptance by
the users solely depends on the methods that are employed to educate the user about the

system and to make him familiar with it. His level of confidence must be raised so that he is

also able to make some constructive criticism, which is welcomed, as he is the final user of
the system.

3.2 SOFTWARE REQUIREMENTS SPECIFICATION DOCUMENT
Hardware specifications:

Higher RAM, of about 4GB or above

e Processor of frequency 1.5GHz or above, preferably Pentium or above

Software specifications:

e Python 3.6 and higher

e Anaconda and necessary libraries (Pytorch, Transformers, streamlit etc)

= ———————
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CHAPTER 4
DESCRIPTION OF PROPOSED SYSTEM

4.1 SELECTED METHODOLOGY OR PROCESS MODEL
The proposed model for ASL hand sign recognition using deep learning neural networks is

designed to overcome the limitations of existing object detection algorithms by taking
advantage of the spatial structure present in hang images captured from multiple camera
angles. Unlike traditional object detection algorithms that operate on single images, the

proposed approach utilizes the information contained in each frame of a video sequence
to perform object detection tasks.

The model is highly scalable and can easily incorporate new features or learning methods
without major modifications to the existing framework. Additionally,
accuracy and precision when detecting objects from real
and shapes. To achieve high accuracy,

it achieves high
-world datasets with varying sizes

: the proposed model uses a combination of
convolutional neural networks (CNNSs) and recurrent neural networks (RNNs). CNNs are

used to extract high-level features from input images, while RNNs are used to model the
temporal dependencies between frames in a video sequence. This allows the model to

take advantage of the temporal information present in the video sequence for more
accurate object detection.

Firstly, in the pre-processing stage, the input video is captured by the smartphone camera

and then pre-processed to remove noise and enhance the quality of the image. Various

image processing techniques such as thresholding, edge detection, and morphological
operations will be applied to extract meaningful information from the video frames. The

pre-processed video frames are then passed to the next stage for feature extraction.

In the feature extraction stage, deep learning-based feature extraction techniques will be
used to identify and extract the most relevant features from the pre-processed video
frames. Specifically, convolutional neural networks (CNNs) will be utilized to automatically
learn and extract features from the input frames. The CNNs will be trained on a large
dataset of hand signs using supervised learning techniques. The output of the feature
extraction stage will be a set of features that represent the input video frames.

In the classification stage, a fully connected neural network will be trained to classify the
extracted features into different hand signs. This network will be trained on a labeled
dataset of hand signs using the extracted features from the feature extraction stage.



The trained network will then be able to classify the input video frames in real-time based
on the features extracted in the previous stage.

To improve the accuracy and reliability of the model, transfer learning techniques will be

employed. Transfer learning involves using a pre-trained model as a starting point and
fine-tuning it for a specific task. In this case, a pre

-trained CNN model will be used as a
starting point and fine-tuned for hand sign recognition using the ASL dataset. The

proposed model will be evaluated using both qualitative and quantitative measures,
including accuracy, precision, recall,

and F1 score. The model will also be compared to
existing state-of-the-art models to determine its effectiveness and potential for real-world
applications.

Furthermore, the proposed model utilizes transfer learning to improve its performance.

Transfer learning involves using pre-trained CNN models that have been trained on large
datasets such as ImageNet to initialize the weights of the CNN la

yers in the proposed
model.

This helps the model to learn features more quickly and accurately, thereby
improving its overall performance. The Proposed model is also designed to be highly

flexible, allowing it to be easily adapted to different datasets and applications. It can be

trained on large datasets of hand sign images and can be fine

-tuned to improve its
accuracy and precision on specific hand sign recognition tasks.

Overall, the proposed model for ASL hand sign recognition using deep learning neural

networks is a highly accurate and flexible approach to object detection in video
sequences. Its ability to detect objects from multiple camera angles, scalability, and use of

transfer learning make it a promising approach for real-world applications in hand sign
recognition and other computer vision tasks.
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4.2 ARCHITECTURE

The proposed system for ASL hand sign recognition using deep learning neural network
consists of several components that work together to achieve the objective of accurately
detecting hand signs in video S€quences captured by smartphone cameras. The overall

architecture of the proposed system can be divided into three major components: pre-
processing, training, and testing. The Pre-processing component is responsible for

processing the raw video data obtained from the smartphone cameras and preparing it for

the training phase. This component includes Several image processing techniques such as
image resizing,

ing model is trained using the pre-
processed data.

The proposed model utilizes a convolutional neural network (CNN) architecture that has

been optimized for hand sign recognition. The CNN is trained on a large dataset of pre-

processed hand sign images to learn the features that distinguish one hand sign from
another.

The training phase involves adjusting the weights and biases of the CNN to minimize the
error between the predicted outputs and the ground truth labels. The testing component is
where the performance of the pProposed system is evaluated on a test dataset. This

component uses the trained CNN model to predict the hand signs in real-time video
sequences captured by smartphone cameras. The predicted outputs are compared to the

ground truth labels to evaluate the accuracy and precision of the proposed system.

Overall, the proposed system for ASL hand sign recognition using deep learning neural

network architecture is designed to achieve high accuracy and precision in real-world

scenarios. The pre-processing, training, and testing components work together seamlessly to
ensure that the system can detect hand signs from multiple camera angles, handle different
hand sizes and shapes, and adapt to new features and learning methods.

11




“1 Annotated Images

Fig 4.1: System Architecture

4.3 DESCRIPTION OF SOFTWARE FOR IMPLEMENTATION AND TESTING

PLAN OF THE PROPOSED SYSTEM

he software for implementing and testing the proposed model for ASL hand sign
e .

g ognition will be developed using Python programming language and various deep

rec | |
rning libraries such as TensorFlow, Keras, and OpenCV. The software will be designed

lea

n on a computer with suitable hardware specifications to ensure efficient processing of
toru
large amounts of data.

The implementation plan involves several stages. First, the softwar-e will be develo?ed to

-process the image data and extract relevant features using advali\ced image
73 pro' techniques. The pre-processed data will then be used to train the deep
:Jro:::mriodel Once the model has been trained, the software will be tested using a
ea .

dataset of hand sign images and videos. The testing plan will involve evaluating the
a - . .
accuracy and precision of the model in recognizing different hand signs.

i i ision, recall, F1
The performance of the model will be measured using metrics such as precision ;
score, and accuracy.

12
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o ensure the accuracy and reliability of the model, the testing plan will involve cross-

yalidation and testing on a variety of datasets with different sizes and shapes. The model

will als® be tested on videos captured from different camera angles to ensure that it can
gotect hand signs from any direction.

The software will be designed to be user-friendly and easy to use, with a graphical user
interface (GUI) that allows users to input video or image data and obtain the corresponding
hand sign recognition results. The GUI will also provide a visualization of the recognition
results, making it easier for users to interpret ang understand the output. Overall, the software
implementation and testing plan for the Proposed ASL hand sign recognition system Wwill
involve @ systematic approach to ensure the accuracy and reliability of the model. The

software Will be designed to be scalable, allowing for easy integration of new features and
learning methods as needed.

Anaconda is an open-source package manager for Python and R. It is the most popular
platform among data science professionals for running Python and R implementations. There
are over 300 libraries in data science, so having a robust distribution system for them is a
must for any professional in this field. Anaconda simplifies package deployment and
management. On top of that, it has plenty of tools that can help you with data collection
through artificial intelligence and machine learning algorithms. With Anaconda, you can easily
set up, manage, and share Conda environments. Moreover, you can deploy any required
project with a few clicks when you're using Anaconda. There are many advantages to using
Anaconda and the following are the most prominent ones among them - Anaconda is free and
open source. This means you can use it without spending any money. In the data science
sector, Anaconda is an industry staple. It is open source too, which has made it widely
popular. If you want to become a data science professional, you must know how to use
Anaconda for Python because every recruiter expects you to have this skill. It is a must-have
for data science.

It has more than 1500 Python and R data science packages, so you don't face any
compatibility issues while collaborating with others. For example, suppose your colleague
sends you a project which requires packages called A and B but you only have package A.
Without having package B, you wouldn’t be able to run the project. Anaconda mitigates the
chances of such errors. You can easily collaborate on projects without worrying about any
compatibility issues. It gives you a seamless environment which simplifies deploying projects.

You can deploy any project with just a few clicks and commands while managing the rest.

Anaconda has a thriving community of data scientists and machine learning professionals who

13
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soilt regularly. If you encounter an issue, chances are, the community has already answered
u .
g same. On the other hand, you can also ask People in the community about the issues you

(ace ther®: its a very helpful community ready to help new learners. With Anaconda, you ¢an
é c{eate a
easﬂy

nd train machine learning and deep learning models as it works well with
ylar tools including TensorFlow, Scikit-Learn, and Theano. You can create visualizations
i using Bokeh, Holoviews, Matplotlib, and Datashader while using Anaconda.

How to Use Anaconda for Python
o

: L *l
NOW that we have discussed all the basics in our Python Anaconda tutorial, let's discuss some l
fundamemal commands you can use to start using this package manager. |

Listing All Environments \

10 begin using Anaconda, you'd need to see how many Conda environments are present in
yOUr machine.

conda env list

it will ist all the available Conda environments in your machine.

creating @ New Environment

We can create @ new Conda environment by going to the required directory and use this
command:

conda create -n <your_environment_name>

We can replace <your_environment_name> with the name of our environment. After entering

this command, conda will ask us if we want to proceed to which we should reply with y: i
proceed ([yl)/n)?

\
On the other hand, if we want to create an environment with a particular version of Python, we \If
should use the following command:

conda create -n <your_environment_name> python=3.6

Similarly, if you want to create an environment with a particular package, we can use the ‘;“Vt
following command: |
\
!

conda create -n <your_environment_name>pack_name

Here, we can replace pack_name with the name of the package we want to use.

If we have a .yml file, we can use the following command to create a new Conda environment |
14 ,



based on that file:

conda onv create -n <your_envlronment_name> -f <flle_name>.yml

We have also discussed how we can export an existing Conda environment to a .yml file later

in this article.

Activatlng an Environment

\We can activate a Conda environment by using the following command:
conda activate <environment_name>

We should activate the environment before we start working on the same. Also, replace the
term <environment_name> with the environment name we want to activate. On the other

hand, if we want to deactivate an environment use the following command:
conda deactivate

Installing Packages in an Environment

Now that we have an activated environment, we can install packages into it by using the
following command:
conda install <pack_name>

Replace the term <pack_name> with the name of the package we want to install in our Conda
environment while using this command.

Updating Packages in an Environment
if we want to update the packages present in a particular Conda environment, we should use
the following command:

conda update

The above command will update all the packages present in the environment. However, if we
want to update a package to a certain version, we will need to use the following command:
conda install <package_name>=<version>

Exporting an Environment Configuration
Suppose we want to share our project with someone else (colleague, friend, etc.). While we
can share the directory on Github, it would have many Python packages, making the transfer

process very challenging. Instead of that, we can create an environment configuration .yml file
15




Eor exporting the environment to the .ymi f
following command:

le, we'll first have to activate the same and run the
conda env export ><ﬂ|e_name>,ym|

Removing a Package from an Environment

if we want to uninstall a Package from g specifi

¢ Conda environment, use the following
conda remove

-N<
n env_name><package_name>

on the other hand, if we want to uninstall a

package from an activat i §

. ed envi e'd have
to use the following commang: rironment, W
conda remove <package_name>

peleting an Environment

sometimes, we don't need to add a new environment by

t remove one. In such cases, we must

know how to delete a Conda environment, which w
command:

€ can do so by using the following
conda env remove —name <env_name>

The above command would delete the Conda environment right away.

44 PROJECT MANAGEMENT PLAN

1. Requirements gathering: The first step is to gather all

the requirements and
specifications for the ASL hand sign recognition system. This includes the features to be

included, the data required for training, the type of deep learning model to be used, and
the expected output of the system.

2. Design: Once the requirements are gathered, the next step is to design the system

architecture. This includes designing the neural network, deciding on the layers to be

16



used, and defining the input and output layers. The architecture must be designed in such
a way that it can efficiently handle large amounts of data

3, implementation: After the design Phase, the actual coding of the system begins. The

coding must be done according to the design specifications and must follow best coding

practices to ensure that the code is efficient and easy to maintain.

4. Testing: Once the coding is completed, the system must be tested to ensure that it is
functioning ?s expected. The testing phase includes unit testing, integration testing, and
system testing. The system must be tested on different datasets to ensure that it can

aCCUrately recognize ASL hand signs in different lighting conditions and from different
camera angles.

5. Deployment: After testing, the system can be deployed. The deployment includes

installing the system in the required environment, configuring the system, and integrating it
with other systems if required.
6. Maintenance: After deployment, the system must be regularly maintained to ensure that

it is functioning as expected. This includes regular updates, bug fixes, and performance
optimization.

7. Documentation:  Throughout the entire process, proper documentation must be

maintained. This includes documenting the requirements, design specifications, code
documentation, test cases, and user manuals.

8. Project management: The entire project must be managed effectively. This includes
defining time-lines, milestones, and deliverables, managing resources, and tracking

progress. Project management tools like Gantt charts and project management software
can be used to manage the project efficiently.

By following this management plan, the development of the ASL hand sign recognition system
using deep learning neural networks can be completed efficiently and effectively.

4.5 Financial report on estimated costing

A financial report on the estimated cost of developing a prototype for ASL hand sign
recognition using deep learning neural network involves an estimation of the costs
involved in the development of the prototype. The costs can be categorized into two main
categories: hardware and software costs.

Hardware Costs:
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1. Computer System: A powerful Computer system is required to train the deep learmning
modets. and this could cost depending on the specific requirements.

2 Graphics Processing Unit (GPU): A powerful GPU is also required for training the deep
lezming models, and this could cost depending on the specific requirements.
s,:ﬁ\\'al’e Costs:

1. Deep Leaming Frameworks: Several deep leaming frameworks, such as TensorFlow,

Keras, PyTorch. and Caffe, are available, and these are free to use. However, the cost of

doud-based training services offered by cloud providers, such as Amazon Web Services,
Google Cloud Ptl-artform, and Microsoft Azure, must be taken into consideration.
2. Development Tools: Development tools, such as Integrated Development Environments

= ext edito i
(DEs). t IS, and version contro] Systems, are required for developing the prototype.
and these are generally free to uyse.

Licensing Costs: If the prototype is to be deployed commercially, licensing costs for the
<ofty

fware may apply. Other Costs: Data Acquisition Costs: To train the deep learming models, a
lzarge amount of data

is required. The cost of acquiring this data must be taken into

consideration. Manpovser Costs- The cost of hiring a team of data scientists and developers to
develop the prototype must be taken into consideration.

4.6 Transition/ Software to Operations Plan

The transition from software development to operations is a crucial step in ensuring that
the ASL hand sign recognition system is deployed and maintained effectively. The

following plan outlines the steps necessary to transition the system from development to
operations:

1. Documentation: Develop a comprehensive set of documentation for the system,

including user manuals, system administration guides, and troubleshooting guides.

= Training: Provide training for system administrators and end-users to ensure that
they can effectively operate and use the system.

3. Deployment: Deploy the system in a test environment to validate its performance

and ensure that it meets the required specifications.

4. Integration: Integrate the system with other relevant systems and applications to

ensure seamless operation.

5. Testing: Conduct system testing to ensure that it is working as expected and
identify any issues that need to be addressed.
6.

Maintenance: Develop a maintenance plan to ensure that the system remains up-

todate and fully operational. This includes regularly updating software, hardware, and
security protocols.
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;. Monitoring: Establish ‘a system for monitoring the system's performance and

getecting any issues that may arise.
support: Provide ongoing technical support to users to ensure that they can

8.
effecﬁ"e'y use the system and troubleshoot any issues.

CHAPTER 5
IMPLEMENTATION DETAILS

our proposed method first collects an appropriate number of images from the data set and
will train the pre-trained CNN. The trained mode] will be used to obtain a global level
feature descriptors from the input image. The number of local features for the input image
is then determined, and the corresponding locations of these features are determined by
using @ specific algorithm. These key points are then used to calculate the region
descriptors for each region. Finally, the region descriptors are compared with other stored
region descriptors in the database to find out the similar one. As mentioned earlier our
approach uses different CNN architecture to train on various data sets.

1. Materials and Methods- Hand gesture analysis was implemented on our custom
dataset which we made using Label Img. A faster CNN along with mobilenet.v2 was used
to train the dataset and then | have added data augmentation to the data set and then
trained with it. The final code was written in Python, Keras library. OpenCv was used for
grabbing frames and hand gestures from the video. numpy library was used for image

processing.

2, Data Pre-Processing- Image pre-processing is one of the major steps in order to
obtain accurate image descriptors for the model. In the proposed approach the data set is
captured from different angles, illumination, distance and blurred images and that's why
data augmentation is used to create more images for training the data set and it helps the
model to generalize well. We have used different data augmentation techniques such as
rotation, shearing, zooming, contrast enhancement and the image that is to be used for
training is obtained from an image. Once the Image has been captured from various
angles we label it, in our case we label it with different hand signs from the standard
19
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5.1 DEVELOPMENT AND DEPLOYMENT SETUP

sign recogniti H
psL. hand i gnition using deep learning neural networks has shown significant

ss in recent years, and -
progreé . both deployment and development status have been growing in
yarious settings

5.1.1 Deployment Status

1.  Mobile Applications: Severa] mobile applications have been developed that
use deep learning neural networks to recognize ASL hand signs. These
applications can translate the signs into text or speech in real-time, helping
facilitate communication between hearing-impaired and hearing individuals.

2. Virtual Assistants: ASL hand sign recognition using deep leaming neural
networks has also been integrated into virtual assistants such as Amazon's Alexa
and Google Home. These virtual assistants can recognize ASL hand signs and
provide information or perform tasks based on the user's input.

3. Video Games: Some video games have also incorporated ASL hand sign
recognition using deep learning neural networks. For example, the game "Signs of
the Sojourner" uses deep learning neural networks to recognize ASL hand signs,
allowing players to communicate with other characters in the game.

Education: ASL hand sign recognition using deep learning neural networks has been
deployed in educational settings to help facilitate communication between hearing-
impaired and hearing individuals. For example, some schools have installed systems
that use deep learning neural networks to recognize ASL hand signs and translate them
into text or speech in real-time.
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5.1.2. Development Status

1.  Model Improvement: Research on ASL hand sign recognition using deep
|earning neural networks is ongoing,

with a focus on improving model accuracy,
robustness to variability,

and real-time performance.
2. Dataset Development: Researchers are also working on developing more
extensive and diverse datasets to train and test ASL hand sign recognition models.

These datasets are essential for improving the accuracy and robustness of the
models.

3. Hardware Development: Companies are developing specialized hardware

such as GPUs and TPUs to improve the efficiency and performance of ASL hand

sign recognition using deep learning neural networks

4.  Integration with Other Systems: Researchers are working on integrating ASL

hand sign recognition using deep learning neural networks with other systems

such as speech recognition, gesture recognition, and video capture. This

integration can help improve the accuracy and usability of the models.
5. Real-World Applications: Developers are working on deploying ASL hand
sign recognition using deep learning neural networks in real-world applications

such as healthcare, transportation, and retail. These applications can help improve
accessibility and communication for hearing-impaired individuals.

5.2 ALGORITHMS
5.2.1. Deep Learning Algorithms

Deep learning algorithms really Deep learning techniques generally consist
of a set of techniques and algorithms for building really artificial neural networks
composed of very many layers of “neurons”, which basically is quite significant.
These networks generally imitate the function of definitely biological neurons by
allowing for all intents and purposes multiple layers to basically learn the
relationship between inputs and outputs using for the most part supervised or
unsupervised training methods, which really is quite significant.
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In other words, Deep Learning is an approach to learning where We gan
it consists of

make 2 machine imitate the network of neurons in a human brain.
image

algorithms  that allow machines to train to perform tasks like speech,
recognition, and Natural Language Processing.

It is a statistical approach based on Deep Networks, where we break down @
task and distribute it into machine learning algorithms. These algorithms aré
constructed with connected layers. In between the first layer or input layer and the
|ast layer or output layer we have a set of hidden layers in between that eventually

gave rise to the word Deep which means networks that join neurons in more than

two layers.

These neurons are connected to one another, which propagates the input

signal after it goes through the process. In Deep Learning a network can consume a
large amount of input data, then process them through multiple layers because of
which we can learn complex features of the data. Now that we have gathered an
idea of what Deep Learning is, let's see why we need Deep Learning.

5.2.2. CNN ARCHITECTURE

In computer vision, one of the most important deep learning techniques is
convolutional Neural Networks (CNN). The key strength of CNN lies in its
ability to extract features automatically from the input data. Unlike traditional
techniques for extracting features, CNN does not require any feature
engineering.
Image Input ; : Feature Maps Pooled Maps ':
1
g !
r ki
—— — o O
! J 1" °
' 2 i @
‘1 17O
i ! ! .
image Input Layer | : Convolution Layers :: Classification
- . - - - ¥ ' l\_ - -— o =
Fig. 5.1. CNN Architecture
CNN is a type of deep learning model for processing data that has a grid
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attern Blielais MReRs, WhiEh s inspired by the organization of animal visual

cortex (13, 14] and designed to automatically and adaptively learn spatial

hierarchies of features, from low- to high-level patterns. CNN is a mathematica|
construct that is typically composed of three types of layers (or building blocks):

convolution, pooling, and fully connected layers.

The first two, convolution and pooling layers, perform feature extraction, ~whereas
the third, a fully connected layer, maps the extracted features into final output,
such as classification. A convolution layer plays a key role in CNN, which i
composed of a stack of mathematical operations, such as convolution, 2
specialized type of linear operation. In digital  images, pixel values are stored in @
two-dimensional (2D) grid, i.e., an array of numbers (Fig. 2), and a small grid
of parameters called kernel, an optimization feature extractor, is applied at
each image position, which makes CNN highly efficient for image processing,
since a feature may occur anywhere in the image. As one layer feeds its output
into the next layer, extracted features can hierarchically and progressively
pbecome more complex. The process of optimizing parameters such as kernels

is called training, which is performed so as to minimize the difference between
outputs and ground truth labels through an optimization algorithm called back-
propagation and gradient descent, among others.

5.2.3. MOBILENET.V2 ARCHITECTURE

The MobileNet.V2 architecture is a significant improvement over the
MobileNet.V1 architecture, which was released in 2017. The MobileNet.V2
architecture is composed of two networks: a deep network and a convolutional
neural network (CNN). Both networks use the ResNet-50 model. In addition, the
deep network contains a depth wise separable convolution module, which
enhances feature learning and improves the accuracy of the deep network by
reducing over fitting and computational complexity. This combination of models has
been shown to outperform traditional CNN architectures on ImageNet classification
tasks by a large margin, making it an ideal model for image classification tasks in
self-driving cars.

The MobileNet.V2 architecture uses two separate networks for feature
extraction and classification. The deep network is a classical feedforward neural
network that extracts features of the input data using a dense network layer-by-

\ layer. This model is ideal for capturing high-level features such as objects, scenes,
23
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and semantic calegories, which are difficult to represent with CNNs. The CNN uses
(eature extractor that incorporates a novel separable convolution module O
bs"ad higher-level features from the input image and extract accurate object
boundlng boxes. Finally, the network combines the output of the deep network and
CNN to produce the final output of the network.
This process allows us to accurately classify objects using a small-sized
etwork that is more efficient than existing neural networks without compromising
accuracy:
To train our MobileNet V2 network using Caffe2, we need to create four files
peforé running the program. The first file is the hyper-parameters file, in which the
number of training epochs are specified. the loss function used during the training
and the network architecture. The second file is the training data file, The third file is
the evaluation data file, which contains the samples and the actual labels for the

teSt Samples.
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Fig. 5.2. MOBILENET.V2 Architecture

5.2.4. Label IMG

The Label Img program allows its users to create image labels for any image by typing in

the unique text in the image or selecting the desired language from a drop-down list
(available in 10 languages). The program'’s user-friendly interface enables users to quickly

create label images with up to 4 lines of text per label as well as control the font style, size,
and color of the text and background color of the image.

We captured images of different hand signs used in American Sign Language and
annotated them on our system using Label Img tools. We trained a CNN model using

these hand signs as the inputs and saw encouraging results. We also extended the model
to recognize other frequently used signs such as the thumbs up sign, middle finger sign,

and the thumbs down sign using Label Img tools as well. We used the results of our
24
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xperimems to train a deep CNN model that can identify these signs from video.

Fig. 5.3. Labe/ /MG\
,r research highlights the efficiency and versatility of Label Img in creating accurately
4 images for machine learning applications. Label Img is a user-friendly program that

jabele . _
allows USE™S to create image labels with up to 4 lines of text per label, control font style,

et S1ZE: and color as well as background color of the image, making it a suitable tool for

rious machine learning projects.
va

The research conducted found that Label Img is an efficient and versatile tool for creating
accurately labeled images for machine learning applications. Additionally, the program's
availability in 10 languages makes it accessible for a diverse range of users. The research
conducted highlights the usefulness of Label Img as a user-friendly program that enables
users to create accurately labeled images for machine learning applications. In this study,
the effectiveness of Label Img in creating image labels for machine learning applications

was investigated.

5.3 TESTING
1. Prepare the test dataset: Collect a set of ASL hand sign images that are different
from the images used in training your neural network. The test dataset should contain a
representative sample of all the hand signs that your model is designed to recognize.

2. Preprocess the test images: Apply the same preprocessing steps that were used
during training to ensure that the images are in a standardized format and ready for input
into your neural network.

3. Load the trained model: Load the saved model weights and architecture that were

obtained during the training phase.
4, Predict the test images: Use the predict() function of your neural network to predict
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<s labels for the test images. The output of the predict function will be a set of
pility values for each class label.
ba

P jabel with the highest probability.
cS

clé "
i Evaluate the model performance: Calculate the accuracy, precision, recall, and F1-

the :
You can use the argmax() function to obtain the

o of your model ?n the test dataset. These metrics will give you an idea of how well
s rmode‘ js performing on unseen data.
yo!

Fine-tune the.mo‘del: If the model performance is not satisfactory, you can fine-tuné
the model by adjusting the hyperparameters or using different neural network
srohitectures: You can repeat the testing and evaluation process until you are satisfied

i the model performance.
wi

: Deploy the .model: Once you are happy with the model performance, you can
geploy the model in a real-world application, such as a mobile app or a sign language

UanslatOf-

Testing @ prototype can be a complex task, and may require expertise in computer vision,

machine learning, and data science. It's important to have a good understanding of these
concepts before attempting to build and test a prototype from scratch.

|mage processing and Classification:

The next part of the work is extracting the meaningful information from the image frames
using CNN. CNN is one of the best image classification algorithms and that's why it is
used for the image frames. We used Mobilenet.v2 to classify the gesture images, the
MobileNet is @ new generation of MobileNet which is lightweight and accurate. When
training the MobileNet model | have used all the gestures in one model and then splatted
the results based on the index. That way all the gestures are correctly classified in the
testing and validation set. Once the training is done the model epochs are extracted using
TensorFlow and used as a base for segmentation through OpenCV. We obtain the
segments by contour detection and then they are overlaid to reconstruct the sign.

Following codes are the summary of implementation.
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v2_99- py* <> Here s the model builder, it takes the main image and the classes as 20
ol I’t creates the graph with all the layers ang parameters to fine tune the MobileNet

v2_inference: py" -> This is a wrapper around the pre-trained model to give predictions on
'rﬂn

gs. The model has a method get_prediction () that can take an image as input and return

ag® odiction as 3 list of classes.

im
the P’

CHAPTER 6
RESULTS AND DISCUSSION

nitia! Evaluation We first performed an initial evaluation by running the classification
ggorithms on the images provided by the dataset without any preprocessing or feature

xtraCt'On For this experiment, we trained each of the classifiers using a 50%-validation
gataset and evaluated the performance of the trained models on the test dataset.

According to the preceding study, the various methods differed significantly in both training
and validation accuracy. The best results were obtained using K-Means clustering followed
by the use CNN classifier. Although K-means achieved the highest training accuracy and
average recognition rate, the performance on the validation set was not as good as those
obtained using the other classifiers. This suggests that the performance of the model can

be improved by further improving the selection of the initial centroids and assignment of
weights to the data points.

However, the performance of the CNN classifier was the best in terms of the validation
accuracy suggesting that it provides the most robust and stable classification for the
dataset. It is also possible that the use of different image representation techniques and

the addition of more trainable features such as color information will further improve the
classification performance of the CNN classifier.

Future work on this project will involve collecting a larger dataset with more types of

images including photographs of varying lighting conditions, backgrounds, skin tones and
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demographic information. The results wil| also be improved by implementing a much

5 . .
ot cNN. It is also possible that the use of a different optimizer or activation function

el I
|af‘-1'd mprove the training accuracy of the CNN classifier
vo

is jikely that the use of different image representation techniques and the addition of
” irainable features such a-s color information will further improve the classification
erformance of "?e GNN-classifer. F.uture work on this project will involve collecting @
Prger gJataset with more types of images including photographs of varying lighting

pataset: The choice of dataset can have a significant impact on the performance of
the neural network rr.10d.e|. A well-labeled and diverse dataset can help improve the
accuracy and generalization of the model. Some commonly used datasets for ASL hand

ign” iﬁon iben‘ chmtark d ! : . b1 ASL finger-spelling dataset, and the
sl recOQ“iti ataset.
A

Model Architecture: The neural network architecture used for ASL hand sign
i rg;cognition typically involves a combination of convolutional layers, pooling layers, and
| wlly connected layers. Different architectures can vary in terms of the number of layers,
1 size of fiiters, and activation functions used. One common architecture used for ASL hand

sign recognition is the VGGNet architecture, which has achieved high accuracy rates in
several studies.

3. Training and Testing: The dataset is usually split into training and testing sets,
vith a typical split being 80% for training and 20% for testing. The neural network model is
yrained on the training set using backpropagation and gradient descent optimization
algorithms, and the performance is evaluated on the testing set. The training process

volves iteratively adjusting the weights of the neural network to minimize the error
petween predicted and actual labels.

4. Evaluation Metrics: The accuracy of the neural network model is an important
metric for evaluating its performance. However, other metrics like precision, recall, and F1-
score can provide a more nuanced evaluation of the model's performance. For example,
precision measures the proportion of correctly classified positive instances among all
positive predictions, while recall measures the proportion of correctly classified positive

instances among all actual positives. The F1-score is a weighted average of precision and
28
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Fig. 6.1. Accuracy and Loss
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Fig. 6.2. Accuracy and loss validation from Tensorboard

CHAPTER 7
CONCLUSION

in this project, we developed a prototype for ASL hand sign recognition using a deep

learning neural network. We used a dataset of hand sign images labeled with their
corresponding ASL alphabet letters. We implemented a convolutional neural network
(CNN) architecture with several convolutional layers, pooling layers, and fully connected

layers. The model was trained using the Adam optimization algorithm and evaluated using

accuracy, precision, recall, and F1-score metrics.

our results showed that the model achieved high accuracy rates on the testing set,

demonstrating the potential of deep learning neural networks for ASL hand sign

recognition. However, we also observed some limitations and challenges. For example,

the model performance was affected by class imbalance and dataset variability, and we
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; e overfiting during training. We also noted that the model may struggle with

m
er\’ed *° qditions: such as different lighting and background conditions and variations
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faf" ol o3 nd position:
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i o findings, We can conclude that ASL hand sign recognition using deep
gased on el networks has great potential for improving accessibility and inclusivity for
|e9min = who use sign language. However, further research and development are
gls W
mdl‘”du qddress SOme of the limitations and challenges we observed in our study.
neede ork could focus on improving the dataset by increasing its size and diversity and
w
Futl’r class imbalance. Additionally, advanced techniques such as transfer learning
i
3ddressta sugmentation could be used to improve the model's performance and
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L hand sign recognition using deep learning neural networks has the potential

0"9’3" individuals wh -

catly penefit individuals O use sign language and can contribute to greater
. lus|V|ty and accessibility. We hope that our prototype serves as a starting point for
ch rresearCh and development in this area.
furth®
. FUTURE WORK

while the prototype for ASL hand sign recognition has shown promising results, there is
ofill room for future work and improvement. Some potential areas for future work include:

1. Dataset Improvement: We used a relatively small dataset of ASL hand sign images,
which may limit the generalizability of our model. Future work could focus on collecting a
larger and more diverse dataset of ASL hand signs that includes variations in lighting,
backgrounds, and hand positions to make the model more robust.

2. Addressing Class Imbalance: We observed that our model's performance was
affected by class imbalance in our dataset. Future work could use techniques such as

oversampling or undersampling to address this issue and improve model performance.
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.. Transfer learning is a technique that involves using a pre-trained
arning-
fer L€

3 work COUld
ns j ve the performance of a new neural network. Future
il k to impro

i i g SL hand sign
3. etW nsfer learning to improve our model's performance on A
ural n Use Of tra

" the

C,}P n tasks'

@
regog

“io . .

n tation: Data augmentation involves creating new training samples by

en . =

ae gol tions such as rotation, scaling, and flipping to existing data. Future
ma

the use of data augmentation to increase the diversity of our dataset
ore

|
yld exP | performance.

c0
\,'.ofk ode

timization: While our model achieved high accuracy rates, there is still
| Op
Mod®

vement in terms of optimization. Future work could explore different
5 . Dr0
5 e P thms and hyperparameters to improve model performance and reduce
i ion algorith™

iza

world Testing: Our model was trained and tested on a relatively controlled
l— . 3 -

Reat it may struggle with real-world conditions such as different lighting and
bu

d conditions. Future work could involve testing the model in more real-world
kgrou”

ASL hand sign recognition using deep learning neural network CNN has grea
Overa[.lll for improving accessibility and inclusivity for individuals who use sign language
P°tenna esearch and development in these areas could help improve the accuracy
purther T

s. and generalizability of these models, making them even more useful for real-worl
neS ]
robust

applications.

73 RESEARCH ISSUES

The project presents several research issues that need to be addressed to further improve
e

is performance and make it more useful for real-world applications. Some of the research
|
issues that need to be addressed are:

1. Robustness to Variability: ASL hand signs can vary greatly in terms of hand
position, shape, and orientation. Future research could focus on developing models that
are more robust to variability in hand shape and pose. This could include exploring the use

of data augmentation techniques or developing models that can adapt to variations in
32



nap® and pose:
ds

f e: Real-time :
n rime performanc performance is critical for applications such as

I- : i
Red jation or interpretation. Future research could focus on developing models

j tran . e . . !
Zal'“me form AsL hand sign recognmo.n In real-time. This could include exploring the
‘:atoaﬂ prdware acceleration of developing models that can operate in a low-latency
f ha

of
en"ironm

ross-LingUal performance: ASL is just one sign language among many others

. o around the world. Future research could focus on developing models that

o U _ . :
o al - hand signs from different sign languages. This could include exploring the
0 (e fer learning of developing models that can adapt to different sign languages

privacy- ASL hand sign recognition could be used for applications such as

i ic identi i i : :
4 thenticaﬁon or biometric identification. However, this raises privacy concerns regarding
v

jon
collecti© _ »
 that can perform ASL hand sign recognition without collecting or transmitting

and use of biometric data. Future research could focus on developing

lrlterpretability: Deep learning models can be difficult to interpret, which can limit
: ’ ysefulness in some applications. Future research could focus on developing models

thet : ; :
al are MOTe interpretable, which could help improve trust and understanding of the

g User Interaction: ASL hand sign recognition could be used in applications such as
virtual assistants or video game controls. Future research could focus on developing
models that can recognize ASL hand signs with high accuracy, even in noisy or
uncontrolled environments, and that can integrate with other user interfaces such as

speech or gestures.
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MENTAT|ON ISSUES
A'MPLE
1.
i nts: De
4rdwar® Reqmreme hard °P learning models can be computationally intensi
H2 pquire specialized hardware such as GPUs or TPUs. To effectively d lnswe'
i eploy the

. an 5 . .

wichc. rea"World applications, hardware requirements need to be consid

rnode' in 4 tobe optimized for efficient execution on avajlaple hardw nsidered, and
ironment: T ) are.

oyment Environme he deployment environment can significantly affect

o of the model. Factors such as lighting, camera quality y affect the

racy of the model. and background can

Depl i
Ployment environments need to be carefully

perfo y the aCCU
ted to ensure optimal performance.

2 C nd calibra
se'ecteModel gize: Deep learning models can be quite large, which can make th i

3 oy resource-constrained environments such as mobile devices. Model :ijedr'::::
0 depcarer"y considered, and models need to be optimized for size and efficiency without

pe
y ficin accuracy:
¢ .

4 qetworK CNN prototype may need to be integrated with other systems such as
"_euo capture: speech recognition, or gesture recognition. Integration with other systems
:be challenging and may require additional software development or customization.
Training Data: The accuracy of the model is highly dependent on the quality and
of training data. Obtaining high-quality training data can be challenging, and care
ken to ensure that the data is representative and diverse.

¢ n with Other Systems: ASL hand sign recognition using deep learning

quaﬂtity
n66d5 to be ja .
performance Metrics: Performance metrics need to be carefully selected to

e;/aluate the accuracy and efficiency of the model. Different applications may require

gifferent perfor
he application.

mance metrics, and models need to be evaluated using metrics that are

elevant to t

overall, addressing these implementation issues is critical to effectively deploy the prototype in
rea|.world applications. Careful consideration needs to be given to hardware requirements,

deployment environment,
cs to ensure optimal performance and usability.

model size, integration with other systems, training data, and

pe,formance metri
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leaming teclmiques to the aml
buman behaviour in general and
group of natural languages used
com@iﬁale llfnough sign instead o
an cir families can use this language to

and co:m-nunic.alc with others dgcuspﬁc h::np:,eg“,::pe;“nﬂv?
Therefore, it_ is of great inlerest to researchers to a e\';
computer vision and machine leaming lcdmiqu“pp'z
automatically recognize and interpret ASL signs in order to
improve commmmication and better support deaf individuals,
Recently, deep leaming techniques such as recurrent ncumi
networks have been successfully employed for this pwposein
several state-of-1he-art ASL recognition systems. In addition,
several successful applications of recurrent newral networks
such as speech and language recognition and natural language
processing have paved the way for the application of these
techniques to the field of ASL recognition. In addition to
exploring the pros and cons of applying deep leamming
techniques 10 ASL recognition, this paper explores the history
of deep leaming and its current status. The proposed project
also discusses the current limitations and challenges that
hinder our ability to apply deep leaming techniques to other
coroplex activities. Finally, we propose several promising
directions for future research in this area.

ysis and imemretation of
buman activity. ASL s a
throughout the world 1o
f speech. Deafindividuals

A. Deep learning algorithms

Deep leamning techmiques consist of a set of techniques and
algorithms for building artificial neural networks composed of
many layers of *“neurons™. These networks imitate the
function of biological neurons by allowing multiple layers to
learn the relationship between imputs and outputs using
supervised or unsupervised training methods.

B. Comvolutional Neural Networks

In computer vision, one of the most important deep
learning techniques is Convolutional Neural Networks (CNN).
The key strength of CNN lies in its ability to extract features
automatically from the ioput data. Unlike traditional
techniques for extracting features, CNN does not require any
feature engineering. The CNN input is in the form of multiple
data samples. Each data sample is composed of a numnber of
input features (e.g. pixel values in an image). The input
features are first combined into a high dimensional vector that
represents the ivput data sample. This vector is then presented
to the first layer of the CNN. This layer is composed of several
“feature detectors™, each one looking at a small part of the
input vector.

STt
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D. Label Img
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labels for my imnge by typing in the unique text in uc !mage
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e — £ e image
s h om g op-do i

(available in 10 languages). The pProgram’s \gcr-l}r‘iqc‘n(llils‘
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Figure 3. Label IMG o
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IL RESEARCH OBJECTIVES

ing state of the an object
detection algoritluns. The proposed algoritiun will consist of
three major parts — pre-processing, training and testing. In the
first part of the paper, we will discuss the details of the mage
processing techniques that will be used during the -
processing phase. We will also discuss how the images wil] be
nformation that can be used
dels. In the second pat of the
ctails of the Proposed deep
e will use for object detection.

part of the paper we will discuss the
roposed algorithm by comparing it to two

for training the deep leaming mo
paper, we will describe the d
leaming-based algoritlun that w
Finally, in the third
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ASL‘ The propos unaik datasets and dem.on.\s.lmls the
S ce on benf“i g i improving accessibility for the
tinl O lean? 1g community through ASL hand sign
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e posed method takes a video input and then detects
The Pro] :
objects inthe innoc:uccs a CNN-based framework for real-
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fn od‘:r:ln getect hands with high accuracy.

STRENGTH AND NOVELTY IN PROPOSED MODEL
v.

posed model can detect hand signs from multiple
mmm l:rt::':.les as'ixt tkes advantage of the spatial structure
c;gsmt in hand images captured by the camera. Most existing
-t detection algorithms are designed to operate ona single
Pb)ect and are therefore not suitable for working \_vup images
;maggdeos The proposed approach overcomes this limitation
and 1 biti}\g the fact that each image ina _vn:lco sequence is
bymc)q) ted by multiple frames and taking advantage of
{;:formation contained in each of these frames for performing
the object detection ask
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It is designed for scalabil
to incorporate new features

ity, and it can be
requiring major modificati

2 easily adapted
Of New leaming methods Wilplnm
ons in the existing framework
It is able to achieve high accura isi .
to dFlecl objects from real-worlx::la‘sicl:src\frlisul;on w_hcnmusnedg
of sizes and shapes. 8%k ¢

V. PROPOSED METHODOLOGY
Our proposed method first co :

of images from the data set and willlle‘l:::i;nu:p;:ﬁ o eaber
The trained model will be used to obtain a global lclvneld CNN,
descriptors from the inputimage. The mumber of locn: rfcature
for llle input tinage {s then deternined, and the co ol i
locaupns of these features are determined by \uinmmd%s
algoritlun. These key points are then used to calculgccuthc
region descriptors for each region. Finally, the o
slescnptors are compared with other stored tegic'm descrr’egtwn
in r:he database to find out the similar one. As memlig:c“d
carlier our approach uses different CNN -' :
oIl various dgg sels. ! e

.-q!"n o
"-:-‘.f',‘ ¥ “‘l‘!

Figure. 4. Overall architecture and process of gesture analysis

A. Materials and Methods

Hand gesture analysis was implemented on our custom
dataset which we made using Label Img. A faster CNN
along with mobilenet.v2 was used to train the dataset and
then ] have added data augmentation to the data set and then
trained with it The final code was written in Python, Keras
library. OpenCv was used for grabbing frames and hand

gestures from the video. mumpy library was used for image
processing.

B. Data Pre-Processing

Image pre-processing is one of the major steps in order to
obtain accurate image descriptors for the model. In the
proposed approach the data set is captured from different
angles, illumination, distance and blumred images and that's
why data augmentation is used to create more images for
training the data set and it helps the model to generalize well
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o B . sames. We used Mobilenet.v2 to classify
-ﬁdmu::::; the MobileNet is a new generation of
e FSST 3ich is Egbnweight and accurate. When training
AN “~.' model T have usad all the gesnwes in one
e MobdeRe Lared the results based on the index. That
ol 4 th::u?;s are correctly classified in the testing and
wayall e s Once the aining is done the model epochsare
= s:mg TensorFlow and used as a base for
on tarough OpenCV. We ob’t:;ln the scgmcnts!}ay
3 to reconstruct the
ccpxxx detection snd then they are over,
s
Following codes are the summary of implementation.

<t 0.
mn'—ﬁg::me

“—2 ¢ > Here is the model builder, it takes the_main
= 'ﬁg classes as en input. It creates the graph with all
:{f"s and parameters o fine tune the MobileNet model.

s—v2_ifereacepy® = This is a wrapper around the pre-
rened model to give predictions on images. The n}odcl has
2 mechiod pet_prediction () that can take an image as Loput and
rerm the prediction as a list of classes.
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VL REsuULTS

lnilh\l Exaluation We first performed an initial evaluation by
numing the classification algorithms on the fmages provided
by the dataset without any preprocessing or feature

una‘c!iou F‘('I’ this experiment, we trained cach of the
classitiers using n S0%6-validation dataset and evaluated the
performance of the trained models on the test dataset

¥ .' ;;mw%\'c‘j,-

VII. DISCUSSION

According to the preceding study, the various methods
differed significantly in both training and validation
accuracy. The best results were obtained using K-Means
clustering followed by the use CNN classifier. Although K-
means achieved the highest training accuracy and average
recognition rate, the performance on the validation set was
not as good as those obtained using the other classifiers. This
suggests that the performance of the model can be improved
by further improving the selection of the initial centroids and
assignment of weights to the data points. However, the
performance of the CNN classifier was the best in terms of
the validation accuracy suggesting that it provides the most
robust and stable classification for the dataset. It is also
possible that the use of different image representation
techniques and the addition of more trainable features such as
color information will further improve the classification
performance of the CNN classifier. Future work on this
project will involve collecting a larger dataset with more
types of images mcluding photogmphs of varying lighting
conditions, backgrounds, skin tones and other demographic
information. The results will also be improved by
implementing a much larger CNN. It is also possible that the
use of a different optimizer or activation function would
improve the training accuracy of the CNN classifier. It is
likely that the use of different image representation
techniques and the addition of more trainable features such as
color information will further improve the classification
performance of the CNN classifier. Future work on this
project will mvolve collecting a larger dataset with more
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