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Abstract

Sign language is a visual language that uses a combination of hand gestures,
facial expressions, and body language to communicate meaning. According to the
World Health Organization (WHOQO) report, for the year 2021, approximately 13% of
the world's population lives with some forms of hearing loss. This emphasizes the
importance of raising awareness about hearing loss, promoting prevention measures,
and ensuring access to appropriate hearing healthcare services.

Sign language recognition is a complex area of research that poses many
challenges, such as the rapid movement of hands and bodies that can change the
intended meaning of signs, as well as the overlap of signs. Building an Arabic Sign
Language (ArSL) interpreting system based on deep learning is an ambitious and
valuable goal. The method of combining machine learning and deep learning shows
promising results in various domains, including computer vision and natural
language processing, which can be leveraged for sign language recognition.

The phases of work are organized in the present dissertation to create an
integrated system for the classification and interpretation of Arabic sign language.
The first phase is the data collection process. It should include many different
locations and a wide range of signs and expressions. These collected images or videos
must be classified and labeled for each word or letter.

The second phase is preprocessing. This includes frame splitting, noise
reduction, contrast enhancement, converting color image into grayscale, and size
standardization. The third phase is the feature extraction stage. This stage is to obtain
important features from images or videos. It is done using the Linear Discriminant
Analysis (LDA) algorithm and Viola and Jones algorithm. The LDA is used to extract
important features that pertain to the hand, whereas the second algorithm is used to
extract facial features and to determine the important area in the images.

In the fourth phase, the focus is on designing and building models capable of
classifying signs or movements. Five main models can be used for this purpose: The
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LDA-CNN of the Alphabet model combines the LDA method with one-dimensional
CNN technology to produce excellent accuracy and efficiency at the cost of time.
This model is a process for letter sign recognition. The LDA-CNN of Word model
employs a combination of a feature extraction LDA algorithm and CNN to classify
and distinguish gestures of sign language words based on dynamic images. The
LDA-ML of the Alphabet & Word model is used to classify the alphabet and words
in sign language. The Face-CNN model is implemented to extract and identify faces.
Finally, Hybrid CNN-ML Word Model combines the facial detection model with
the first model's high accuracy and the second model's fast speed to make a definitive
call on how to recognize and classify the Arabic sign language's unique movements.

The fifth phase is training and evaluation. The training of deep learning models
usually includes a large amount of classified dataset. The special dataset is divided
into training, validation, and test sets. The use of appropriate loss functions and
optimization techniques is to train the model. The LDA-CNN Alphabet model has
an accuracy rate of 99.9% in classifying letters. Similarly, the LDA-CNN Word
model achieves an accuracy of up to 98.9% in classifying words. On the other hand,
the Hybrid CNN-ML model surpasses both with an even higher accuracy rate of up
t0 99.9%, all while maintaining efficient processing speed.

The significance of this work in Arabic Sign Language lies in its potential to
improve accessibility, inclusion, and communication for deaf and hard-of-hearing
individuals. By advancing sign language recognition technology, it contributes to
breaking down communication barriers and promoting equal participation in various

aspects of life.
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1.1 Introduction

Sign language is a type of communication used by hearing-impaired people all
across the world, with significant variances between countries [1]. Currently, hand
gestures are very important for the communication of Hearing and Speech Impaired
(HSI) people. There are many features related to sign language. Sign language has
five main components: shape, position, gesture, orientation, and non-hand gestures.

Deaf/dumb and hearing-impaired people face problems in communicating with
others. Sign language helps a deaf person to communicate with others and deal with
communication technology [2]. Hand gestures are a promising component of
human-computer interaction, and they are used in the extremely practical application
of sign language recognition [3].

This language is comprised of a set of gestures, hand movements, facial
expressions, and head movements used to represent letters and words, with each
letter of the alphabet having a corresponding sign [4]. More specifically, there are
two types of hand gestures, static gestures, and dynamic gestures, static time-
independent gestures are those in which the hand position does not change during
the gesturing period, and dynamic time-dependent hand gestures, where the hand
position changes continuously concerning time [5].

Machine learning and deep learning algorithms enable computers to learn from
data and make predictions or decisions without being explicitly processing. In the
context of sign language, machine learning techniques have been applied to develop
models that can understand and interpret the meaning of different sign gestures [6].

Deep learning algorithms are employed at learning complex patterns and
representations from large amounts of data. In sign language classification, deep
learning models are trained on extensive dataset consisting of sign language videos

or images. These models learn to extract meaningful features and capture the
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temporal dynamics of sign language gestures, allowing them to accurately interpret
and classify different signs [7].

Deep learning models for sign language often benefit from transfer learning,
where pre-trained models trained on largescale visual recognition tasks are fine-
tuned or used as feature extraction. By leveraging the knowledge and representations
learned from extensive image datasets, these models can be adapted to sign language
tasks, reducing the need for large sign language-specific datasets [4, 8].

While deep learning has shown promising results in sign language classification,
there are still challenges to overcome. Obtaining diverse and representative sign
language datasets, addressing variations in sign language dialects and individual
signing styles, and ensuring real-time performance on resource-constrained devices

are ongoing research areas [9].

1.2 Problem Statement

According to data from the World Health Organization (WHO), there are more
than 1.5 billion individuals worldwide who are either deaf or have varying degrees
of hearing loss [2]. Subsequently, extensive research has been conducted to identify
the issues and challenges that people with disabilities face in society [3]. For this
reason, the problems recognized in SL recognition systems are listed through two

Important aspects that are relevant to this dissertation and are listed below:

In the social aspect, the WHO reports that the percentage of deaf people has
increased to 13% of the world's population, consisting of the hard of hearing and the
deaf. Numerous issues faced by individuals with disabilities prevent them from
communicating with others in society [2]. As a result, those who have hearing

Impairments have fewer opportunities to study and live a normal life than those who
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do not. Hence, researchers who work with the deaf and hard of hearing are very

interested in developing solutions for them.

In the scientific aspect, indeed, the automatic interpretation of ArSL gestures
Is a complex and challenging problem in the scientific domain. While there have
been significant advancements in recent years, the performance quality of SL
recognition methods still varies and can be relatively low. One particular unresolved
problem in ArSL gesture recognition is the association of facial expressions with the
movement of the hands. Facial expressions play a crucial role in conveying meaning
and adding nuance to sign language communication. Understanding and accurately
capturing these associations between facial expressions and hand gestures in ArSL
poses a unique challenge. Addressing this problem requires developing robust
techniques that can effectively integrate and analyze both hand movements and
facial expressions in ArSL. This may involve using multimodal approaches that
combine computer vision techniques with facial expression recognition, machine
learning, and possibly other technologies. As research in this area progresses, the
solution to these problems will contribute to the development of more accurate and

comprehensive systems for interpreting and translating ArSL gestures.

1.3 The Challenges of the Dissertation

Although numerous researchers have made significant progress in detecting
Sign Language recognition, there are still several challenges that need to be

addressed to achieve more results that are precise. Some of these challenges are:

1. Signs overlapping: Sometimes signs overlap with each other, making it

difficult to determine the meaning of a sentence.
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2. Movement: It should be noted that sign language is a dynamic language, and
rapid hand and body movements can change the intended meaning.

3. Lack of sufficient data sets: Training smart systems used in sign language
recognition requires the existence of sufficient and diverse data sets, which
may be available in a limited way in some sign languages.

4. One unresolved limitation in ArSL language recognition is the association of
facial expressions with hand movements, which is critical to accurately

interpreting the meaning of ArSL words.

1.4 Aims of the Dissertation

The dissertation aims to contribute towards creating innovative solutions that
facilitate communication and social integration for both deaf and hearing

individuals, ultimately fostering greater inclusivity and confidence in society.
The technical aims are:

1. Developing a system to identify the alphabet signs of ArSL from both images
and videos of hand gestures.

2. Creating a recognition system that can interpret word gestures in ArSL by
analyzing images and videos of hand gestures with facial movements and
converting them into meaningful words.

3. Constructing a new dataset that contains a comprehensive set of ArSL words.
This dataset can be used to create a dictionary that facilitates the identification

and understanding of ArSL words.
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1.5 The Contributions of the Dissertation

The contributions of this dissertation are illustrated as:

1. Developing an accurate and robust system for recognition of ArSL gestures:
This contribution involves designing and implementing a computer vision-based
system that can accurately and efficiently recognize ArSL gestures. The system
should be capable of processing images or videos of hand gestures and extracting
meaningful information from them.

2. Integrating facial expression analysis for enhanced ArSL interpretation: To
improve the understanding and interpretation of ArSL, incorporating facial
expression analysis into the recognition system can be beneficial. To propose a
new technique to construct a CNN by hybrid with ML algorithms to identify
important features for employment in the high-accuracy classification.

3. Creation of an ArSL small dictionary using a new database of Arabic words:
The dissertation aims to build a new database comprising a set of Arabic words
in ArSL. This database serves as the foundation for creating an ArSL small
dictionary, facilitating word search and enhancing accessibility for both deaf and

hearing individuals.

1.6 The Scope of the Dissertation

The scope of this work includes many types of video files to generate a video
interpreted in Arabic Sign Language (ArSL). The establishment of datasets based on
ArSL video sign data acquired from three sources: the standard ArSL lexicon, the
compilation of ArSL videos obtained from Imam Al-Hussain Specialist Center Deaf
“ asall awadill Guall LY 40081 The Qatari Center for the Deaf awall (s ykill S i
“and video signs from different websites. The research on ArSL recognition can be

5
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divided into three levels: the recognition of the Arabic signs alphabet and gestures

words.

1.7 Related Works

A review of previous studies is applied to Sign Language recognition and in
particular to ArSL is conducted. When relevant works in the context of sign language
were selected, several criteria were considered to ensure the relevance and quality
of the selected studies. These criteria are focusing on research that specifically deals
with sign language classification, interpretation, or related tasks using machine
learning or deep learning techniques. Recently, the selected works have been

identified within the period from 2015-2022 to cover aspects of the subject.

This work also searched for studies that provide new algorithms, architectures,
data sets, or approaches that work to develop the field of sign language recognition
using machine learning or deep learning, based on the dataset for Arabic sign
language only. Table (1.1) Overview of SL recognition in most research studies.

According to the techniques in this dissertation, this section is divided into two parts:

1.7.1 Related Work with Machine Learning

In [10], an automatic system for translating ArSL was developed. Here, the
procedure begins with frame-by-frame transcoding of the video, then uses the
Euclidian distance function to determine which frame is the best. After
locating the group of letters, at every good frame, the system crops the image
to resize the hand region. Depending on the observed orientation of the hand
and wrist, this method splits the alphabetic ArSL into three groups. Edge

detection and feature vector construction are used for feature extraction. It

6
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aims to identify and highlight edges or boundaries in the data, which can be
useful for distinguishing different objects or patterns. Then, the Minimum
Distance Classifier (MDC) and the Multilayer Perception neural network
(MLP) are employed for recognition with an accuracy of 91.3% and 83.7%,
respectively. The first classifier mentioned is the MDC. It is a simple
classification algorithm that calculates the distances between feature vectors
and class prototypes or centroids. The second classifier mentioned is the MLP.
It is a type of artificial neural network with multiple layers of interconnected

nodes or neurons.

Another study focuses on the development of a system that utilizes the Leap
Motion Controller (LMC) for recognizing Arabic letter signs [11]. The LMC
Is used for data acquisition, capturing hand movements and gestures. The
study proposes a method that applies a subset of twelve features extracted
from the LMC data. The selected features are used as input for classification
models, namely Naive Bayes (NB) and Multilayer Perceptron (MLP). These
models are trained on the extracted features and are capable of classifying

Arabic letter signs. The reported accuracy of the classification is up to 90%.

In [12], a method that comprises four stages is outlined. The hand
segmentation is the first stage which is based on using the face color tone to
segment the hand. The skin blob is used for recognition and tracking the hand
in the second stage. The third stage involves the extraction of geometric
features, including the orientation of the hand axis, hand speed, hand center,
and hand axis, before using them in the final stage for classification based on
the Euclidean distance. This system is evaluated using a dataset consisting of
30 isolated words. The performance of the proposed method was 97% of
accuracy in recognizing these words.

7
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In [13], a vision-based signs identification tool that can identify static and
dynamic gestures made with one or both hands from a live video is suggested.
The feature vector is extracted from the gesture sequence, and these features
are acquired to be used for classification using SVM. The key frame is isolated
to reduce computation speed to a large range using Zernike moments and
improve the process for co-articulation removal of hand spelling alphabets.
Subsequently, the accuracy is 89% for single-handed dynamic words and 91%

for distinctive static gesture alphabets.

In [14], the Microsoft Kinect is performed to develop a dynamic ArSL
identification system. The Ada-Boosting method, along with the use of the
Decision Tree and Bayesian Network machine learning algorithms, is what
allows the system to recognize objects better. The technology was put to the
test with 42 Arabic gestures related to medicine. Data from the testing show
that the suggested system's recognition rate for the Decision Tree classifier
was 91.18%. Meanwhile, for the Bayesian classifier, it was 92.50%, and for
the Ada-Boosting method, it was 93.7%.

1.7.2 Related Work with Deep Learning

In [15], this work describes the use of a 3Dimantional Convolutional Neural
Network for identifying twenty-five signs from the dictionary of ArSL. The
approach involves processing videos, which are divided into multiple frames,
each with a specific rate determined by a scoring mechanism. To capture the
essence of the intended sign, only frames with the highest priority are selected.
These prioritized frames are then used as input data for the 3DCNN.

Additionally, depth maps are utilized to provide information for the
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recognition algorithm. According to the results presented in the reference, the
proposed method achieved an average accuracy of 85% for new, unseen data.
This indicates that the model performed well in correctly identifying signs that
it had not encountered during training. For observed data, which likely refers
to the signs used in the training set, the accuracy was reported as 98%,
indicating a high level of performance in recognizing signs that the model was

already familiar with.

In [16], a CNN-based automatic method for identifying ArSL letters as well
as numbers is introduced. Seven layers make up the proposed CNN. The first
four levels concentrated on feature extraction and the final three layers on
classification. Around 7869 RGB color images of 256 x 256 pixels were
utilized, along with 5839 pictures of the 28 letters and 2030 images of digits
(from 0O to 10) of the ArSL. The results were compared with the results of the
k-nearest neighbors (KNN) algorithm and support vector machines (SVM).

The recognition rate is about 90%.

In [17], an automatic ArSL letter recognition and voice conversion for each
letter is proposed. A dataset of 100 images was used for the training phase,
and 25 images were used for the testing phase for each of the 31 ArSL hand
signs. The suggested CNN architecture comprises two layers, two max pools,

and 100 epochs. This system has up to 90% accuracy.

In [18], a signal classification in real series is presented. This work proposed
a brand-new model combines deep convolutional layers (ConvNets) with
Long Short-Term Memory (LSTM) layers which was so-called
DeepConvLSTM. LeapMotion sensors are then utilized to supply the input
data to several typical machine-learning techniques that are intended to

9
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classify American SL. The authors propose a kinematic model of the left and
right forearm/hand/fingers/thumb and use basic data augmentation to avoid
overfitting to enhance the generalization of the Neural Network (NN). The
substantial variety in executing movements amongst participants is one of the
study's shortcomings that could lower categorization performance. This

technique's accuracy rate is 91.1%.

In [19], a model using a combination of ontology and deep learning techniques
to convert ArSL into different meanings is created. Ontology is used to
address several challenges in sign language processing. The convolution
neural network (CNN) was trained and tested using a variety of Arabic words
as well as static Arabic alphabetic signs. This approach had a classification
accuracy of up to 88.87%. This system's flaw is a significant rate of inaccurate

recognition for some Arabic letters, which may exceed 30%.

In [20], a system for identifying ArSL that makes use of the CNN model using
RGB images as input and automatically recognizes 28 letters is proposed. In
this paper, the authors suggest a new convolutional neural network-based
architecture that can recognize ArSL letters automatically when fed with a
real dataset. An evaluation of the proposed method's effectiveness and
robustness in comparison to other methods is necessary to validate the
scheme. In this work, the CNN model was put to the test on 10810 images.
Both the model's error rate and accuracy were measured; during the training
and testing phases, the accuracy rate increased while the error rate decreased,

and to obtain 92.9% recognition accuracy.

10
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Table 1.1: A summary of the reviewed literature

Types of Input ) )
No. | Ref. | Years ) ) Modality Features Technique | Accuracy
Signs Device
Alphabet ) Euclidean MLP & |91.3%
1. | [10] 2011 ] Camera | Videos )
: Arabic distance MDC 83.7%
[11] | 2015 Alphabet LMC Naive B (NB) | MLP 90%
aive Bayes 0
2. Arabic LMC /
30 isolated ) Geometric SVM &
3 [12] | 2018 Camera | Videos 97%
: words Features ANN
28-handed extraction feature
static &10 vector from the
4 [13] | 2019 | words Camera | Videos | gesture sequence | SVM 91%
dynamic and Zernike
hand moments
_ Decision
| Micros RGB )
42  Arabic Ada-Boosting Tree &
5 [14] | 2019 oft ) 93.7 %
: gestures ) strategy Bayesian
Kinect
Network
25 letters of )
6. | [151 | 2017 o Camera | Videos | CNN 3DCNN | 85%
: Arabic sign
11 numbers RGB
7 [16] | 2019 Camera LeNet-5 CNN 90.2%
: & 28 letters
Leap
31 Motion | Images
3 [17] | 2020 ) CNN CNN 90%
: alphabets or &videos
Xbox
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Leap
9 [18] | 2020 | 28 letters Motion | RGB DeepConvLSTM | NN 91.1%
Sensors
10 Arabic RGB Deep
10 [19] | 2020 Camera CNN _ 88.87%
: words learning
1 [21] | 2020 | 28 letters Camera | Grey CNN CNN 88.87%
19 | [20] | 2020 | 28 letters | Camera | RGB CNN CNN 92.9%

1.8 Dissertation Outline

The dissertation's remaining chapters are structured as below:

Chapter Two: provides a comprehensive description of the basic principles that are
used in this dissertation.

Chapter Three: Explains the basic processes of developing the suggested approach
for exploring ArSL utilizing a deep learning neural network.

Chapter Four: Explains the use of the suggested system on a set of actual video
data and the experimental results of this implementation, in addition to each step.
Chapter Five: summarizes the findings derived from this dissertation and makes

suggestions for future work.
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2.1 Overview

Human culture and language are fundamental to human communication and are
passed down from generation to generation, varying greatly within and between
cultures. People with hearing disabilities may be labeled as deaf due to their inability
to communicate using spoken language, leading to communication challenges with
others [22]. Sign Language (SL) is a significant way for the deaf community to
communicate, and one application of human-computer interaction is the SL

recognition system, which converts sign language into text or spoken language [23].

In Arabic communities, the deaf community most commonly uses Arabic Sign
Language (ArSL) as their native tongue, which was formally launched by the Arab
Federation of the Deaf in 2001 [24]. However, ArSL is still in the developmental
stage and relies on the shapes of letters and words [25]. It is important to note that
sign languages, including ArSL, are not universal and vary between different regions
and cultures. For example, American Sign Language (ASL) differs from British Sign
Language (BSL), and both are distinct from ArSL. This variation in sign languages,
similar to the variation in spoken languages, reflects the diversity of human culture

and communication [26].

Thus, it is important to develop accurate and reliable sign language recognition
systems to improve the communication and integration of people with hearing

disabilities into society [27].

However, developing such systems requires a deep understanding of the unique
features and structures of sign languages, as well as the ability to accurately capture
and recognize subtle variations in hand gestures, facial expressions, and body
movements, achieving these goals can greatly benefit the deaf community and

facilitate their full participation in society [8].

13
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2.2 Sign Language Overview

Sign language is a visual language that uses hand gestures, facial expressions,
and body movements to communicate meaning. It is used primarily by people who
are deaf or hard of hearing but can also be used by hearing individuals who wish to
communicate with deaf individuals. Each sign language has its unique grammar,

vocabulary, and syntax [25].

Sign language can be conveyed in two main modalities: visual-manual and
tactile. In visual-manual sign language, communication is conveyed through hand
gestures and facial expressions, while in tactile sign language, communication is

conveyed through touch, usually on the hands or back [28].

Sign language recognition systems are being developed to translate sign language
into spoken language or text. These systems use computer vision and machine
learning techniques to capture and recognize the hand gestures, facial expressions,

and body movements used in sign language [29].

Overall, sign language is a rich and diverse language that provides a means of
communication for millions of people around the world who are deaf or hard of
hearing. The development of sign language recognition systems and other assistive
technologies can greatly improve the communication and integration of people with

hearing disabilities into society [30]. An ArSL alphabet is illustrated in Figure 2.1.

14
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Figure 2.1: Most signs alphabet for ArSL [6].

2.2.1 Gestures

The act of identifying a movement expression for conveying various numbers,
phrases, or letters using (hands, head, face, as well as body) with various meanings
Is known as gesture recognition. Gestures must be widely understood to develop
applications that employ gestures or signs virtually and to enhance SL-dependent

systems. There are two main categories of hand gestures [8], such as:

. Static Gestures: Since gestures are time-independent and do not change hand
position while being made, they are less computationally complex. In SL, static
gestures are frequently employed to identify between spelling fingers since they are
thought of as a single group of images that represent each image in a separate frame
[31].

15
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. Dynamic Gestures: Dynamic hand gestures are more sophisticated yet
appropriate for real-time environments since the hand position continuously varies
with time. Then, the hand movement is recorded over time and is not based on only
one frame but on multiple frames. Sequences of image frames are required as input
for the data-collecting process for a dynamic sign to be extracted from the video
[32].

Given the hand gestures' significance in communication, SL translations into
natural language require the assistance of an interpreter to accurately and
appropriately translate signs into text or meaningful speech, a mechanism for signal
differentiation must be provided. As a result, there are ways needed to accomplish

this because it is difficult to recognize motions [33].

2.2.2 Finger-spelling

The finger’s alphabet is a helpful technique for SL that helps deaf people learn.
This method equals writing the alphabet with one hand or utilizing names that are
known to the deaf population but do not have a sign. The meaning of the alphabet
written with fingers is clearer since each of the 28 letters uses a certain movement
with the hand's fingers.

The finger-spelling technique is one of the visual physical communication
approaches. It is centered on writing the alphabet's shapes in the air rather than on
paper, expressing a manual manner, and simulating written language [29].

The alphabetical technique is considered a crucial way to communicate with
the deaf since it is a vital component of communication generally, especially when
discussing words, persons' names, or addresses without any established signs. The
quickest way for deaf people to see words is by finger-spelling, which is suited for
reading [31].

16
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As a result, the rational for utilizing the fingerspelling technique involves the fact
that training in this technique will not need the hearing-impaired student to apply
much effort since it will be an implementation of what they learned using the
alphabet's writing skill. This means that the student must first practice lips reading
and pronunciation activities, write words and letters, and then move on to the

training phase before mastering this approach [31, 29].

2.3 Digital Image Enhancement

Digital image enhancement refers to the process of improving the quality of
an image by applying various algorithms and techniques to remove noise, increase
contrast, and sharpen details. Image enhancement is a crucial step in many computer
vision applications, including sign language recognition [34]. In sign language
recognition systems, image enhancement techniques are used to preprocess the input
image or video frames and enhance the quality of the images before extracting
features and recognizing the sign. Some common techniques used in image
enhancement include histogram equalization, noise reduction filters, and edge
enhancement filters. These techniques can help to improve the accuracy and
robustness of sign language recognition systems by reducing the impact of noise and
other image distortions [35]. This dissertation uses the histogram equalization

technique.

Histogram equalization is a technique used in digital image processing to
improve the contrast and brightness of an image. It works by redistributing the pixel
intensities in an image so that they are spread out more evenly across the entire
intensity range. The result is an image with higher contrast and a brighter

appearance. The basic steps of histogram equalization are as follows [36]:
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1. Calculate the histogram of the input image, which is a plot of the frequency of
occurrence of each pixel intensity value.

2. Normalize the histogram so that the sum of all histogram values is equal to 1.

3. Calculate the Cumulative Distribution Function (CDF) of the normalized
histogram. The CDF represents the probability that a pixel in the image has an

intensity less than or equal to a certain value.
CDF(r) = sum of H(i) fori=0tor/ (M xN) .... (2.1)

In Equation (2.1), 'H(i)" represents the histogram value at bin 'i' of the
histogram distribution. The histogram represents the frequency or count of
occurrences of the random variable 'r' across the matrix. This is a two-
dimensional matrix with dimensions 'M' for the number of columns and 'N'

for the number of rows.

4. Calculate the new intensity values for each pixel in the image using the CDF.
This is done by mapping the old intensity values to the new intensity values based
on their position on the CDF.

5. Create a new image using the new intensity values.
The formula for histogram equalization is given by:
s =T(r) = round((L-1) * CDF(r)) ... (2.2)

In Equation (2.2), s is the new intensity value, r is the old intensity value, L is the
maximum intensity level (e.g., 256 for 8-bit images), CDF is the cumulative

distribution function, and T is the transformation function.
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2.4 Feature Extraction Approaches

Feature extraction is a technique used in machine learning and data analysis
to reduce the dimensionality of a dataset. It involves selecting and combining
relevant variables from a larger set of raw data to create a smaller set of features that
can be used for analysis or modeling [34]. The primary goal of feature extraction is
to extract the most informative and useful features from the raw data while reducing
the dimensionality of the dataset. By doing so, it helps to improve the accuracy and

efficiency of machine learning algorithms and other data processing techniques [37].

Typically, feature extraction involves a combination of mathematical and
statistical methods to identify the most important variables or features in a dataset.
These features are chosen based on their ability to accurately and distinctly define
the underlying patterns or relationships in the data. The resulting feature set is
typically simpler and more manageable than the original raw data, making it easier
to analyze and process. The characteristics of a good feature are [38]:

* Robust: the feature has similar results under different conditions, such as ambient
lighting, lenses, and contrast.

+ Salient: the feature must be informative such that it discriminates between the
categories of the object of interest.

* Reliable: It corroborates flexible criteria for similar classes (objects).

 Independent: It is unique for the specific class and non-redundant, it is not related
to other features.

Here, the two groups of features are:

» Low-level features: These are features that are directly extracted from the raw
data, such as pixels in an image or raw signal data. They are typically simple,
low-level characteristics of the data and can include color, texture, edge
orientation, and frequency content. Low-level features are often used as building
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blocks for more complex features and are important in many machine-learning

applications.

» High-level features: These are features that are derived from low-level features
and are more complex and abstract representations of the data. High-level
features capture more complex characteristics of the data, such as shape, texture,
and spatial relationships, and are often specific to the problem domain. They are
typically defined using mathematical or statistical techniques. High-level features

are often used in more advanced machine learning applications, such as object

recognition, natural language processing, and speech recognition.

Figure 2.2 shows most of the algorithms used to extract features in general.

/ Appearance-Based
Approach
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LDA
' |CA

i
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Feature Extraction Techniques
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* Component
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» SIFT

Figure 2.2: Feature Extraction Techniques [39].
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2.4.1 Linear Discriminant Analysis Algorithm

Linear Discriminant Analysis (LDA) is a popular technique for dimensionality
reduction, particularly in the fields of computer vision and pattern recognition [39].
It aims to reduce the number of features while preserving the most relevant
information for classification tasks. LDA works by finding a lower-dimensional
representation of the input data that maximizes the separation between classes. This
Is achieved by projecting the data onto a set of new features that are a linear
combination of the original features [34]. The resulting LDA features are ordered
according to their discriminative power, with the most significant features appearing
first. LDA has proven to be an effective technique for reducing the dimensionality
of high-dimensional data and improving the performance of classification
algorithms. It is a strong yet straightforward technique for diverse implementations
in computer vision as well as pattern recognition communities. This algorithm is one

of the types of techniques of the appearance-based approach [40].

The process of applying LDA to images for feature extraction requires careful
consideration of various factors, including image size, the complexity of the image
features, available computational resources, and classification accuracy
requirements. However, when it is applied appropriately, LDA can be a powerful
tool for extracting discriminant features and improving classification performance
[41]. In some cases, using a smaller image size may improve computational
efficiency. LDA can be used to reduce the dimensions of image features, while

preserving the most important information for classification tasks [42].

The LDA algorithm is used to project the initial data matrix into a lower-

dimensional environment. To do this, three actions had to be taken.
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= Determining the reparability between different classes, sometimes referred to
as the between-class matrix or between-class variance (i.e., the distance
between different classes' means), is the first stage.

= Finding the difference between each class's mean and samples, also known as
the within-class variance or within-class matrix, is the second phase.

= Establishing a lower-dimensional environment that minimizes variance inside

classes and maximizes variance across classes is required for the third phase.

Overall, LDA is a powerful algorithm for dimensionality reduction and

classification, and its computational efficiency makes it a good choice for handling

large and complex datasets. The LDA technique's steps are illustrated in Figures 2.3

and 2.4, and after that, a list of the equations that were utilized to create the LDA

process is provided [43].

P

Before LDA After LDA

Figure 2.3: The Process of the LDA between one class [40]
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Figure 2.4: The Process of the LDA between two class [43]

Equations (2.3), (2.4), (2.5), (2.6), (2.7), (2.8) illustrate the process of the LDA

algorithm:
1
#J - n_]leEw] xi .......... . (2.3)

Equation 2.3 calculates the mean vector pj for each class ®_j. pj represents the

average values of the input feature vectors x_1 belonging to class oj.

,u——Zl 11X = D 1N”l .......... .(2.4)

Equation 2.4 calculates the overall mean vector p by taking the average of all
the input feature vectors xi. N represents the total number of data points, ni
represents the number of data points in class wi, and pi represents the mean

vector for class oi.

Sp=Xicani(u — W —w".......... (2.5)
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Equation 2.5 computes the between-class scatter matrix Sg. It measures the
spread between the mean vectors of different classes weighted by the number of

data points in each class.

n
SW = §=1 Ziil(xij - ,u])(x” — ,ll])T .......... (26)

Equation 2.6 calculates the within-class scatter matrix Sy,. It represents the

spread within each class by measuring the covariance of the feature vectors

around their respective mean vectors.

W=5SSg.......... .(2.7)
Equation 2.7 solves the generalized eigenvalue problem by multiplying the inverse
of the within-class scatter matrix Sy, with the between-class scatter matrix Sgz. The

resulting matrix W represents the projection direction for discriminant analysis.

Y =XVg ool .(2.8)
Equation 2.8 projects the input feature vectors X onto the lower-dimensional space
defined by the eigenvectors V. Y represents the transformed data in the lower-
dimensional space.

These equations are used iteratively in the LDA algorithm to find the optimal
projection direction that maximizes the separation between classes while minimizing
the within-class scatter. The transformed data in the lower-dimensional space can
then be used for classification tasks. Figure 2.5 and algorithm 2.1 show the

implementation of the LDA process.
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Figure 2.5: the process of the LDA [43]

Algorithm 2.1: Linear Discriminant Analysis
Input: Image

Output: Features of Vector
BEGIN

Step 1: Read images of people's hands.

Step 2: Assign a weighted average d-vector to each category in the dataset, using Eq (1):
U = niijiEa)jxi
Where: Nj... represents the number of samples of the itch class.
Step 3: Compute in between-class matrix Sg (MxM) using Eq (2):
Sg=Y i —ww —w" (2)
scatter matrix (in between-class),
Mi ... represents the projection of the mean of the itch class.
u ... Projecting the overall distribution mean across categories
Step 4: Compute within-class matrix Sw (M xM) using Eq (3):

as
W= Dby Do (i — ) (i — gy

Where: Sg
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Where: Sw scatter matrix (within-class)

Step 5: Find the scatter matrices' eigenvectors (e1, e2,) and corresponding eigenvalues (A1,
12, ad).

Step 6: Eigenvalues determine the descending order of eigenvectors, and the k eigenvectors
with the largest eigenvalues are used to represent the column of a d x k dimensional matrix W.

Step 7: Transforming the samples onto the new subspace makes use of the d*k eigenvector

matrix. In this case, it can be used with the help of Eq (4).
Y=XxW (4)

where X is a nxd matrix representing the original n samples and Y is an updated n*k
matrix reflecting the modified samples.

END

2.4.2 Viola and Jones Algorithm

The Viola-Jones algorithm, created in 2001 by Paul Viola and Michael Jones,
Is used to identify faces in images [44]. It has been demonstrated to be effective in
bringing to the front images of faces and is capable of handling a 45-degree rotation
of the face around both the horizontal and vertical axes. The algorithm has

demonstrated excellent real-time performance [45].

The integral image, AdaBoost, and cascade structure are the three key ideas that

enable it to operate in real-time. The Viola and Jones algorithm's concepts are [46]:

1. Integral image: this is a preprocessing step that is used to compute the sum of
pixel intensities in a designated rectangle in an image quickly. It works by

calculating the cumulative sum of pixel intensities along the x and y axes of the
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Image. Once the integral image has been computed, the sum of pixel intensities
in any rectangular region of the image can be calculated using just four values
from the integral image, regardless of the size of the rectangle. This makes the
computation of Haar-like features, which are used by the Viola-Jones algorithm

to detect faces, much faster [35].

Three types of face detection features, namely two-rectangle, three-rectangle,
and four-rectangle features, are used to compute Haar features relatively quickly.
The difference in the sums of the pixels within two rectangular sections is the two-
rectangle feature. These rectangular areas lie next to one another either horizontally
or vertically and are the same size and form [45].

In a three-rectangle feature, the sum of the pixels in the two outer rectangles is
calculated and deducted from the sum of the pixels in the central rectangle.

The last feature computes the difference between diagonal pairs of rectangles
using four rectangles. These features are displayed in Figure 2.6 and Figure 2.7

describes the principles of the Integral Image and the Haar Features diagram.

1. Edge features

A @<

(@ (b) (o) (d)

‘MmN & eee

(a) (b) () (d) (e) (P (g) (h)

3. Center-surround features

(a) (b
Figure 2.6: The Haar-like Features [35]
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Figure 2.7: The concepts of Integral Image + Haar-like Features [45].

2. The AdaBoost Learning algorithm: A large number of Haar features
(approximately 180,000) are computed for each window. Most of these features
are superfluous, which then leads to using AdaBoost as a redundancy-reduction
method. The AdaBoost algorithm can be referred to as a learning classification
function that minimizes a large list of features by removing those that are
superfluous. This classifier is made up of a weighted combination of weak

classifiers. Each window feature functions as a weak classifier [47].

This approach can also be viewed as a feature selection algorithm since it
selects the best features from all the available possibilities. The chosen features are
the ones that describe a face most accurately. A few hundred features are left after
this technique condenses thousands of features [47, 48]. The AdaBoost algorithm is

utilized to retrieve the best features from a set of features, as shown in Figure 2.8.
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feature 1 best feature 1

feature 2 best feature 2

feature 3 best feature3 — Strong Classifier
feature n best feature m

where n > m

Figure 2.8: The AdaBoost algorithm process [47]

3. The cascade classifier: it is a multi-stage classifier that has a speedy and precise
detection capability. A strong classifier created by the AdaBoost algorithm makes
up each stage. A strong classifier has an increasing number of weak classifiers as it
advances through the stages. A cascade of strong classifiers is utilized after
choosing the best features in each window to reduce detection time through
effective computation. The goal is to build classifiers that are smaller and more
effective based on the input image's sub-windows. The best to worst classifiers in
the strong classifier is ranked. Every stage lowers the number of false positives or
areas that are mistakenly identified as faces. A classifier is created for each stage
utilizing a few features. Every level after that adds more and more features,
complicating the classifier. The discovered region can either be rejected or moved

on to the following level in each stage. As a result, only the area that completes all
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stages are categorized as a face. Here, Figure 2.9 illustrates the Cascade process
[48].

Stage1 Stage 2 Stage N

D Training sample features )D Training sample features e )D Training sample features
AdaBoost Negative AdaBoost Negative AdaBoost Negative
Y Y G Y
Strong Non-face Strong Non-face Strong Non-face
classifier tlassifier classifier
Training sample Training sample Training sample
Positive Positive Positiva

False Positive = x False Pasitive = x False Positive = 0
False Negative = Maybe-face False Negative = Maybe face False Negative = 0 Mayoe-face

S
4

Y

2| Cascade Classifier €

Figure 2.9: The cascade Classifier [49]

It uses the Viola-Jones facial feature algorithm, which uses a combination of
Haar-like features to represent texture information in an image. A detailed
description of this method and training method can be found in AdaBoost. A
landmark is a recognizable natural or man-made feature used for navigation that
stands out from its close environment and is often visible from long distances [50].

Facial landmarks are defined as the detection and localization of certain key
points on the face that have an impact on the subsequent face-focused task, such as
animation, face recognition, gaze detection, face tracking, expression recognition,
gesture understanding, etc. An outstanding feature that can play a differentiating role

or serve as anchor points on a file face chart. The facial features are the tip of the
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nose, corners of the eyes, chin, corners of the mouth, corners of the nose, eyebrow

arches, earlobes, etc. [51]. Figure 2.10 shows the output of facial features.

Figure 2.10: The original shape and corrected landmarks [51].

2.5 Sign Language Recognition

Sign language recognition is an important application of computer vision and
machine learning, particularly for individuals who are deaf or hard of hearing. There
are several approaches to sign language recognition, but one common method is to
use computer vision techniques to extract features from the video of sign language

gestures and then use machine learning algorithms to classify the gestures [52].
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Another approach is to use a combination of computer vision and sensor-
based techniques, such as using gloves equipped with sensors to capture the
movements of the hands during sign language gestures. The sensor data can be
combined with visual data to improve the accuracy of the recognition system [8].

Overall, sign language recognition is a challenging task due to the complexity
and variability of sign language gestures. However, recent advances in deep learning
and computer vision have shown promising results, and sign language recognition
systems have the potential to greatly improve communication and accessibility for
individuals who use sign language as their primary means of communication [53].

The recent techniques used to distinguish SL are divided into two main groups:

« Machine Learning Techniques

» Deep Learning Techniques

2.5.1 Machine Learning Techniques

An area of Artificial Intelligence (Al) known as Machine Learning (ML) is a
well-liked technique for automating system performance in several complicated
issue domains. Supervised, Unsupervised, and Semi-supervised learning issues can
be broadly categorized as ML [54]. Research and development in practically every
discipline, including the natural sciences, engineering, social sciences, medicine, and
the arts and humanities, have all benefited from the use of machine learning [55].
which is commonly understood to include automatic computing procedures
predicated on binary or logical operations that learn a task from a sequence of
instances, and investigate automatic approaches for learning to make precise
predictions based on past observations [56]. The most popular machine-learning

algorithms are depicted in Figure 2.11.
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Figure 2.11: The algorithms in Machine Learning [57]

The goal of ML is to produce classification expressions that are simple enough
for a human to understand. They must closely resemble human reasoning to offer an
understanding of the decision-making process [58, 59]. In this section, machine
learning algorithms that are widely implemented in the field of classification,
especially the classification and recognition of images, are described. Among these
techniques that have been effective in the classification field are Decision Trees
(DT), Naive Bayes (NB), K-Nearest Neighbors (KNN), Random Forest (RF), and
Stochastic Gradient Descent (SGD) [60, 61].
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2.5.1.1 Naive Bayes (NB)

The Naive Bayes classifier assumes that the features (or attributes) that are
used to describe an object are conditionally independent given the class label. In
other words, the model assumes that the presence or absence of a particular feature
does not depend on the presence or absence of any other feature, given the class label
[55]. It can be referred to as a probabilistic model that utilizes the joint probability
of terms and categories to evaluate the probabilities of categories provided in a test
text. The classifier's naive elements result from the straightforward presumption that
every term in a given category is conditionally independent of every other term in
the category. Owing to this concept of independence, each term's parameters can be
learned independently, simplifying and speeding up calculation procedures. The

categorization used to determine this probability is shown in Equation (2.9) [62].

P(C | X) = (P(X|C) * P(C)) / P(X)...... (2.9)

Where:

P (C | X) is the posterior probability of class C given the feature value X.

P(X| C) is the likelihood probability of observing the feature values X given class
C.

P(C) is the prior probability of class C.

P(X) is the probability of observing the feature value X.

2.5.1.2 K-Nearest Neighbor (KNN)

The algorithm is a well-known image classification method because it is
straightforward to use. The KNN approach is an instance-based ML technique that
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Is thought to be very straightforward when compared to other ML classification
techniques [63]. When it comes to supervised statistical pattern recognition, the
KNN technique consistently outperforms other methods. When drawing the training
sample, no previous distribution presumption is required. Then, every new test
sample is categorized in a very simple and straightforward way by comparing it to
every other sample in the training set. To assess the test sample's category, the
neighbors’ category labels are employed.

Measures like Euclidean Distance are shown in Equation (2.10) and
Hamming Distance is displayed in Equation (2.11). These are used to determine how

similar the two instances are [62].

d(x,y) = \/Z?zl(yi —xi)?... (2.10)

Where: xi and yi represent the corresponding elements of the vectors x and y.
n represents the total number of elements in the vectors. But x=y represents d=0, x£y
when d#1.

2.5.1.3 Decision Tree (DT)

The algorithm is categorized as a Supervised classification technique and it
Is one of the inductive learning algorithms. The decision tree is a hierarchical
structure with numerous layers, beginning with the base's root node and ending with
several internal sub-nodes and leaves (end-nodes). The direction of the categorizing
process is indicated by the branches (Arches) that connect the nodes. Each step of
the test is administered to one or more features, with one of two probable results.

That is, within the decision tree, each node has a root node (father) [60].
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2.5.1.4 Random Forest (RF)

The random forest can be referred to as an ensemble classifier that increases
prediction accuracy using many models from different DTs. Here, it creates a
lot of classification trees [64]. Each of them is trained utilizing a set of training
data, and a technique called bootstrapping. This method just searches for a
random subset of variables to obtain a split at each node. Each tree in the RF
Is given the input vector for classification, and every tree votes for a class.
Now, the class that obtains the most votes is ultimately chosen by the RF. It

Is more flexible than previous methods and can handle bigger input datasets.

Figure 2.12 illustrates how the algorithm is performed [57].

Tree 1

Class 1

Tree 2

Class 1

Majority Voting for Classification or Averaging for Regression

Final Class

Tree n

Class n

Figure 2.12: the performance of Random Forest [57].
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2.5.1.5 Stochastic Gradient Descent (SGD)

This algorithm is among the essential algorithms for deep neural network
training. The gradient descent algorithm has a few disadvantages. A differentiable
or sub-differentiable goal function can be found for the optimum smoothness
qualities using this iterative method. Since this method replaces an estimate for the
actual gradient (obtained from the entire data set), it can be thought of as a stochastic
approximation of gradient descent optimization (derived from a randomly chosen
subset of the data). This lowers the computing cost, particularly for high-
dimensional optimization problems, in exchange for a slower convergence rate and

quick iterations [60].

2.5.2 Deep Learning Techniques

Deep learning is a subfield of machine learning that involves building and
training artificial neural networks with multiple layers. These deep neural networks
have revolutionized many fields, including computer vision, natural language

processing, and speech recognition [65].

Deep learning uses multiple layers of artificial neural networks to extract
features and learn representations of data at different levels of abstraction. The
neural networks learn from large amounts of data, often requiring no human
intervention to design specific features or rules. The use of multiple layers allows
for the modeling of increasingly complex patterns and relationships in the data. This
approach is effective in a wide range of applications, including computer vision,

natural language processing, and speech recognition [66].
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Here, a type of deep learning technique commonly used in various applications
Is Convolutional Neural Networks (CNNSs) is a type of deep neural network that is
particularly suited for image and video analysis tasks. They use convolutional layers
to extract features from the input images, and pooling layers to reduce the spatial
dimensions of the features. CNNs have achieved state-of-the-art results in many
Image recognition tasks, such as object detection and segmentation [67]. CNN

networks are classified into several types, including:

1. One-Dimensional Convolution Neural Networks (LDCNN)

2. Two-Dimensional Convolution Neural Networks (2DCNN)

All networks for CNN types are similar in the way they work but differ in
the way the input structure is organized, the way the filter is transmitted, the
convolution kernel, and the feature map. Thus, deep CNNs are widely used and have

a wide range of applications due to the following benefits [68]:

1. CNNs combine the operations of feature extraction and feature categorization
into one learning entity. During the training phase, they can directly learn how
to maximize the features from the raw input.

2. In comparison to typical fully-connected Multi-Layer Perceptions (MLP)
networks, massive inputs can be processed by CNNs with excellent
computational efficiency. This results from the sparse coupling of CNNs
neurons with associated weights.

3. CNNs can withstand slight data alterations involving translation, skewing,
scaling, and distortion.

4. CNNs can handle a range of input sizes. This allows CNNs to process images

of different sizes while maintaining a fixed output size.
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2.5.2.1 One-Dimensional Convolution Neural Networks (IDCNN)

The One-Dimensional CNN consists of the same architecture as the Two-
Dimensional CNN, but the input data differs, as data is entered into the network in
a one-dimensional format, such as a vector or a one-dimensional matrix. The
convolution, pooling, and fully linked layers are the three primary components of
the 1IDCNN [20]. To create the input feature maps, convolution operations are
carried out between the input signal and matching convolution kernels. The
activation function is then applied to the input feature maps to produce the output
feature maps of the convolution [69]. Recently, this network has been widely applied

to images or videos for several reasons [70]:

The first reason is the significant differences between the computational
complexity of 1D and 2D convolutions exist. This can be illustrated in a way that an
image with NxN dimensions convolved with a KxK kernel will possess a
computational cost of O (N2 K?). Meanwhile, this is O for the comparable 1D
convolution (with the same dimensions, N and K) O(NK) [59].

The second reason is that when this method is compared to 2DCNNs it often
requires specialized hardware such as GPUs or cloud computing resources for
efficient training, 1IDCNNs can be trained using standard computing resources
available on typical computers. This makes 1IDCNNs more feasible and convenient

for researchers or developers who may not have access to high-end hardware [71].

Figure 2.13 shows that the one-dimensional network consists of three main
layers, which are the layer (L+1), layer (L), layer (L-1), as well as the middle layer
(L), consisting of the number of neurons denoted by kth, and the last layer (L+1) has
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an activation function added to it. The sub-sampling factor is 2, while the size of the
1D filter kernels is 3.
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Figure 2.13: One-Dimensional Convolution Neural Network Layers [72].

The sub-sampling procedure is followed by function, f. The primary
distinction between 1D and 2DCNN:s is that instead of using 2D arrays to represent
the feature maps and kernels, 1D arrays are employed. The CNN layers then go
through the unprocessed 1D input and "learn to extract” the features that will be
utilized by the fully connected layers for classification. Subsequently, the processes
of feature extraction and classification are merged into a single process that may be
modified to enhance the performance of the classification [69]. Figure 2.14 shows

representation visualization for 1DCNN.
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Figure 2.14: 1DCNN visualization [18]

2.5.2.2 Two-Dimensional Convolution Neural Networks (2DCNN)

A subclass of discriminative deep architecture, known as CNN, has
demonstrated adequate performance for processing two-dimensional data with grid-
like topologies, for instance, images and videos [37]. The design of CNNs is inspired
by the structure and function of the visual cortex in the human brain. In the visual
cortex, there are many cells called receptive fields that are responsible for detecting
light in different areas of the visual field. Similarly, in CNNs, the filters are applied
locally in the input space, and larger receptive fields are constructed by combining
multiple layers of smaller receptive fields. This allows CNNs to detect patterns and

features in images hierarchically and efficiently [42].

The Deep 2D-CNNs are very powerful in the image and video processing

tasks when such techniques are trained on large datasets. They can automatically
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learn complex features and patterns from the data, which can be used for various
applications such as object detection, image segmentation, and classification. With
proper training and tuning of hyperparameters, 2D-CNNs can achieve state-of-the-

art performance on many benchmark datasets. [73].

2.6 Building Blocks of CNN Architecture

All current CNN designs generally include convolutional layers and pooling
layers as standard components. More, along with some differences, the common
training method is the fundamental method for training a network. This part presents

the basic structure for building a network architecture [55].

The feature extraction and the classification functions of these characteristics
are carried out by CNN accordingly. Each function makes use of a few layers, each
of which serves a particular role. These layers are convolution, nonlinear
(activation), pooling, and fully connected (dense) layers, in addition to some

generalization layers. These layers are stacked for each function as follows:

2.6.1 The Convolution Layer

The convolution layer is a fundamental component of a CNN that performs the
convolution operation on the input data. The convolution operation involves a set of
filters or kernels that slide over the input data to produce a feature map.

During the convolution operation, the filters scan the input data by moving
horizontally and vertically, performing a dot product between the filter and the input
data at each location. The resulting values are summed up and form a single value
in the output feature map. This process is repeated for all the filters, generating

multiple feature maps.
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The filters or kernels are learnable parameters that get updated during the
training process to extracting relevant features from the input data. Typically, the
first few convolution layers in a CNN extract low-level feature, such as edges and
corners, while the subsequent layers extract more complex features, such as shapes
and objects.

The size of the output feature map depends on several factors, such as the size
of the input, the size of the filters, the stride, and the padding. The stride determines
the step size between each filter application, while the padding adds extra pixels
around the input data to maintain the spatial dimensions of the output feature map.

In summary, the convolution layer performs the feature extraction operation by
applying filters to the input data, generating multiple feature maps that are used as
input to the next layer in the CNN. A visual illustration of a convolutional layer is
shown in Figure 2.15 [71] [72].

Input signal
1D

Convolution

iD
Convolution

Figure2.15: Representation of a convolutional layer visually [72].

If the available conditions include an input of size W x W x D, an uncertain

number of kernels having a spatial size of F, a stride of S, and an amount of padding
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P, the output volume may be identified using equation (2.13). Figure 2.16 The

illustrated representation of convolution layer operations.
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Figure 2.16: Convolution Layer Operations [71].

2.6.2 Pooling Layer

The pooling layer is usually placed after the convolutional layer in a CNN
architecture. Its primary function is to down-sample the feature maps generated by
the convolutional layer by extracting the most important features and discarding the
unimportant ones. This not only reduces the computational load but also helps in
preventing overfitting.

The most common type of pooling is max pooling, which extracts the maximum
value from each window of the feature map. The window size and stride are also
hyperparameters that can be tuned during the design process. The output of the

pooling layer is a smaller feature map with reduced dimensions compared to the
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input feature map. Figure 2.17 the illustrated representation of the pooling layer. The

formula for calculating the output size of the max pooling layer is as follows [71]:

Win—-F

Wout = +1.......... (2.14)

where Wout is the output size, Win is the input size, F is the size of the pooling filter,
and S is the stride
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Figure 2.17: The pooling Layer Operations [71].

2.6.3 The Fully Connected Layer

The Fully Connected (FC) layer is a type of CNN layer that connects every
neuron in one layer to every neuron in the next layer. It is also called a Dense layer
or a Linear layer. In a CNN, the FC layer is typically used at the end of the network

to perform the classification task [71].

It is responsible for performing the classification task in a CNN. The output of
the convolutional and pooling layers is flattened into a 1D vector, which is then fed
into the FC layer. The FC layer consists of a set of neurons that are fully connected
to the previous layer. Each neuron in the FC layer computes a weighted sum of the

input and applies an activation function to produce the output. The output of the FC
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layer is then passed through a SoftMax function to produce the final output

probabilities for each class [69].

2.6.4 The Activation Function

An Activation Function is a non-linear function applied to the output of a neural
network layer to introduce non-linearity into the network. Without an activation
function, the neural network would be a series of linear functions, and the overall

network would still be a linear function.

The activation function is applied to the weighted sum of the inputs and biases
of a neural network layer. The output of the activation function determines whether
the neuron is activated or not. If the output is above a certain threshold, the neuron
Is activated, and its output is propagated to the next layer of the network. There are

several commonly used activation functions in neural networks [70], including:

a.  Sigmoid: The sigmoid function maps the input to a value between 0 and 1. It

is commonly used in the output layer of binary classification problems.

b. ReLU (Rectified Linear Unit): The ReLU function is simple and
computationally efficient, making it popular in deep learning models. It
introduces non-linearity to the network, allowing it to learn complex relationships
and patterns in the data. When the input to the ReLU function is positive, the
output is the same as the input value. This means that positive values are passed
through without any alteration. When the input is negative, the output is set to 0,
effectively removing the negative values [69].

c. Tanh (Hyperbolic Tangent): The tanh function maps the input to a value

between -1 and 1. It is commonly used in the hidden layers of a neural network.
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d. SoftMax: it is a function that maps the input to a probability distribution over
the output classes. It is commonly used in the output layer of multi-class
classification problems [69].

e. Leaky ReLU (Rectified Linear Unit): this is a modification of the RelLU
activation function, which addresses the "dying ReLU" problem. The "dying
ReLU" problem occurs when a large number of neurons in the network have a
ReLU activation function and become inactive, resulting in dead neurons that do
not contribute to the network's output. Leaky ReL.U works by introducing a small
slope to the negative region of the function, allowing some degree of signal to
pass through even when the input is negative [70].

By introducing this small slope to the negative region of the function, Leaky
ReLU can prevent neurons from dying and improve the performance of the
network. However, choosing the value of alpha is a hyper-parameter that needs

to be tuned to obtain the best performance on a specific problem.

The choice of activation function depends on the specific task and the
characteristics of the dataset. In general, the ReLU function is a good default choice
for most problems, but others can be used depending on the specific requirements of
the problem. Figure 2.18 shows the schematic diagram of the two activation
functions (ReL U, LeakyRelL U) [18].

ReLU Leaky ReLU
max(0, ) max(0.1z, z)

Figure 2.18: Types of Activition Function [70].
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2.6.5 Loss Function

In convolutional neural networks (CNNs), the loss function plays a crucial role in
training the network to make accurate predictions on an image or video data. CNNs
are commonly used for tasks such as image classification, object detection, and
semantic segmentation.

The loss function calculates the difference between the predicted output and the
actual output, and this difference is used to update the model parameters during
training. The goal of training the model is to minimize the loss function, which

means that the model can make accurate predictions for a given input [71].

2.7 Video Splitting

Video splitting is the process of dividing a video into segments or regions based
on certain criteria such as motion, color, or texture. This process is crucial in many
video analysis applications such as object tracking, video compression, and video
editing.

Regular video splitting refers to dividing the video into equal and non-
overlapping segments, such as dividing a video into fixed-length segments of 1
minute each.

Non-regular video splitting, on the other hand, refers to dividing the video into
segments based on specific criteria, such as detecting scene changes, object motion,
or camera movement. In non-regular video splitting, the length of each segment may
vary depending on the criteria used for segmentation [48].

Both regular and non-regular video splitting have their advantages and
disadvantages. Regular video splitting is simple and easy to implement, but it may
not be suitable for all types of videos as the content of each segment may vary

widely. Non-regular video splitting, on the other hand, can provide more accurate
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segmentation but may require more computational resources and more sophisticated
algorithms. Ultimately, the choice between regular and non-regular video splitting
depends on the specific application and the requirements of the user [50].

A shot, which can be considered the basic elements of an edited video, can be
defined as a sequence of contiguous frames that have some degree of visual
uniformity for a single camera take in an edited video. A group of contiguous shots

composed logically is known as a “‘scene”.

2.8 Evaluation Measures

The following measures are employed during the evaluation stage to guarantee

the effectiveness and quality of the system [74]:

2.8.1 Confusion Matrix

A table termed a confusion matrix is then employed to assess how effectively a
deep learning model performed on a classification task. However, many deep
learning classification metrics are computed in addition to the Confusion matrix.
This is because it is a very good performance indicator for the model. In more depth,
the Accuracy, Precision, Recall and F1-score measures are predicated on the

Confusion matrix. Figure 2.19 presents an example of a confusion table [75].

Pregicted

Confuslon Matrix
FALSE TAUE

FALSE  True Megativie [TH} False Positive (FP)
Actual frecision

[RUE  Fala MWegative (FN] True Positive [TF)

| o |

hers

Figure 2.19: The Confusion Matrix [75].
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2.8.2 Accuracy Measure

Based on Equation (2.15) [76], accuracy is described as the ratio of accurate
predictions to all input samples. Consequently, accuracy is an indicator of the
model's performance throughout all classes. When each class is given the same
amount of weight, it is beneficial. Additionally, it is determined by dividing the total

number of predictions by the number of accurate ones.

TP+TN

Accuracy = *100........... (2.15)

TP+TN+FP+FN

2.8.3 Precision Measure

Precision is an evaluation measure used in classification tasks to assess the
model's ability to correctly identify positive instances out of the total instances
predicted as positive. It focuses on minimizing false positives. Precision is calculated
in Equation (2.16) [77]:

TP
TP+FP

Precision = *100.......... (2.16)

2.8.4 Recall Measure

The recall is determined as the proportion of Positive samples that were
correctly identified as Positive relative to all Positive samples. On top of that, recall
measures how effectively the model can differentiate Positive samples. As more

positive samples are discovered, the recall value rises in Equation [77]:

TP,
TP+FN

Recall = 100............ (2.17)
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2.8.5 F1 Score Measure

F1 score is an evaluation measure that combines precision and recall into a
single metric. It provides a balanced measure of a model's performance in
classification tasks, taking into account both the ability to correctly identify positive
Instances (precision) and the ability to capture all positive instances (recall). The F1

score is calculated using Equation (2.18) [77]:

precisionXrecall

f1—score =2 * *100.......... (2.18)

precision+recall

2.8.6 Mean Absolute Error (MAE)

MAE measures the dissimilarity between two continual variables. Assuming
that X and Y are paired observation variables manifest the same original sin.
Examples of Y vs. X include comparing prophesy vs. observed, posterior time vs.
initial time, and a gauge approach vs. an ersatz measurement approach. Considering
a squander plot of n points, in which point i has coordinates (xi, yi). MAE is the
average vertical distance between every point and the Y=X line, also referred to as
the One-to-One line. MAE is the mean horizontal distance between each one of the
points and the Y=X line. The MAE is calculated using the following Equation (2.19)
[78].

1 n
MAE = —z e (2.19)
n i=1

Assuming to already have n samples of model errors which are computed as (el
5,i=1,2...n)[79].
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2.8.7 Root Mean Square Error (RMSE)

RMSE is utilized in a form of a standard statistical measure for measuring
model efficiency in meteorology, air quality, and studies of climate research. RMSE

Is calculated using the following Equation (2.20) [78].

1 n
RMSE = —z e? (2.20)
Nétdi=1

Assuming that there are already n samples of model errors calculated as (ei. 5,1 =1,
2...N).

2.8.8 Mean Square Error (MSE)

MSE quantifies the average squared difference between the predicted values and
the actual values in a regression model. The MSR is calculated in Equation (2.21)
as follows:

MSR=(1/n)*Y (y-9)"2....... (2.21)

In Equation (2.21), n represents the total number of instances or data points, y
represents the actual values, and ¥ represents the predicted values.
MSR provides a measure of how well the regression model fits the data, with
lower values indicating a better fit. It penalizes larger differences between the

predicted and actual values more than smaller differences due to the squared term.
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Chapter Three The Proposed System

3.1 Overview

This chapter focuses on creating and performing the suggested techniques for
recognizing and classifying Arabic Sign Language (ArSL) to achieve the goal of
helping deaf people communicate in society. It mainly includes two major
techniques, each of which uses a different algorithm to extract features from sign

language and then classify and translate these features into Arabic.

The name of the proposed system is an Interpretation system of Arabic Sign
Language Recognition (ISArSLR). The proposed system uses a suite of methods
from the fields of image processing, and video analysis employing deep learning,
and machine learning to examine and categorize video data and generate predictions

about sign language interpretation.

3.2 Hearing-Impaired Communication Framework

The work in this dissertation is divided into three main concepts of the ArSL
structure that are dedicated to being utilized in this system. Figure 3.1 shows the

three basic concepts that are handled by the system.

A. Arabic Sign Language Alphabet processing: These Arabic letters are created
by finger-spelling in one hand. Static images were used to represent the sign
of the fingerspelling and that each of the 32 letters of the alphabet has a
specific sign using the hand.

B. Arabic Sign Language word processing: Arabic words are represented
visually by gestures made with one or two hands. Gestures are recorded using

either static or dynamic images utilizing a vision-based method.
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C. Face Recognition Processing: This processing provides a method for facial
recognition that helps increase the efficiency of recognizing indistinct

gestures through the movement of the hands.

7 N N\ 4 N
Static & Dynamic One or Two
Images Hands
Alphabet
/ phabets 7 Word

Concepts of
ArSL
Communicatio <
n Frameworks

| T—= Sentence <
\$ More than
\ . one word
Facial R

\ J J \ J
Figure 3.1: Three Basic Concepts of Hearing-Impaired Communication Frameworks.

3.3 The General Proposed Methodology

The suggested methodology architecture shown in Figure 3.2 depicts the design
and development of the classification for Arabic Sign Language based on robust

multi-feature extraction. There are four distinct stages to this process:

1. Preparing Dataset Phase
2. Preprocessing Phase
3. Feature Extraction Phase
4. Recognition Phase

The suggested system is based on the significant and well-known aspects
of hand and facial images. It recognizes and categorizes cues primarily from the
stored vocabulary. The following phases summarize the proposed approach for static

and dynamic images. The phases are described in detail as follows:
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Figure 3.2: The Flow Diagram of the General Proposal System.
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3.3.1 Preparing Dataset Phase

Many datasets are used in this dissertation according to the training requirements
implemented in some stages. The captured images or videos provide the database
for the system and indicate a sign or gesture for each letter or word. Two types of
data are used: benchmark datasets and collected datasets. When gesture capture is
done using a vision-based approach, the gestures are performed by many signers
6through the camera in different lighting environments with different background

lights, and the dataset consists of static images and videos, as follows:

e Benchmark ArSL Dataset (Datasetl): ArSL2018 dataset [6], this data was
obtained from King Abdul-Aziz University and named Datasetl for ArSL
signals that use hand gestures on a static background. There are 54,049 grayscale
64x64 pixel images in the ArSL2018 dataset. There are 32 letters from the Arabic
alphabet included here. Many different hand types and viewing angles of people
signing the signs were used to introduce the visuals. Figure 3.3 shows a sample
of this dataset. These datasets are labeled and distributed according to classifiers

from the source.

Figure 3.3: Input sample of ArSL alphabets [6].

e Benchmark Face Dataset (FaceDataset): This is called referred to as the
MUCT [49] database contains 3755 unique human faces and 76 unique manual

landmarks. This dataset includes various more diverse lighting, ages, and
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ethnicities in which these were included in the database rather than in previous

landmark 2D face databases. Figure 3.4 shows a sample of this dataset.

Figure 3.4: Input sample of FaceDataset [49].

e The collected Dataset: This data was collected from two sources, which are from
Imam Hussein Academy for the Deaf and Al-Qatar Center for the Deaf. This data
has been manually labeled and distributed to the workbooks. These datasets
represent letters and words for ArSL and were gathered by utilizing the camera
to capture static images or dynamic images through video recording. Their total
number is approximately 2580 images of different sizes that have been saved in
a separate database. There are 32 Arabic sign language letters and 80 commonly
used terms included in this dataset.

These datasets are called Database? and Database3. These are explained in

detail in Chapter 4. A sample of these datasets is shown in Figure 3.5.
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Dataset?2

i

Dataset3

Figure 3.5: Input Sample of the collated dataset.

3.3.2 The preprocessing Phase

The second phase of this system is preprocessing operations. This phase aims to
generate improved vocational and technical datasets that can be employed to create
a more efficient and effective system. The same preprocessing steps are
implemented for the test phase. It includes several operations for splitting videos,
color conversion, image enhancement, and resizing. The preprocessing image

operations are discussed in two steps:
A. The First Step: Splitting the videos

The raw video is divided into a series of frames based on a specific time
sequence. Algorithm (3.1) outlines the process of processing the video and breaking
it down into frames, where a word may be represented in one or more frames based

on the time window.
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Algorithm (3.1): Video Splitting

Input: Captured video

Output: set of frames for each gesture

BEGIN
Step 1: Initialize variables:
video_file_path: path to the video file
frame_directory_path: path to the directory where frames will be saved
frame_rate: number of frames to capture per second
Step 2: Load the video file from video_file_path.
Step 3: Initialize a frame counter to 0.
Step 4: While there are frames in the video:
Begin:

* Read the current frame from the video.
* Increment the frame counter.
 If the current frame's timestamp falls within the time window for a given word:
Begin
» Calculate the absolute difference between the current frame and the reference
image.
« Save the current frame to the frame_directory_path.
 Label the frame with the corresponding word.
End if
Release the video file.
End while
Step 5: Return the list of frames with their corresponding labels.

END

In the context of video processing, a time window refers to a specific duration
of time within a video. It is often used to represent a specific event or action that
occurs in the video. The time window can be defined as a start and end time or as a
duration from a specific time. For example, if we want to extract frames from a video
where a person is speaking, we can define a time window that corresponds to the
duration of the person's speech. The frames that fall within this time window will be

selected and used for further processing or analysis.
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Algorithm (3.1) takes in a video file and a time window for each word. It reads
the video file frame by frame and checks whether each frame falls within the time
window for any given word. If the frame does fall within the time window, it is saved
to a directory as a separate image file with the corresponding label. The process
continues until all frames in the video have been processed. Finally, the algorithm

returns a list of frames with their corresponding labels.
B. The Second Step: Preprocessing

This step is performed on both all static images collected from multiple sources
and the output of the first step, which is the set of frames for each gesture, called

dynamic images. This step consists of three operations, namely:

a. Converting the input RGB images into a grayscale image: It is necessary to
change all static and dynamic images in the databases to grayscale images
because the converted images to a grey scale are suitable for feature extraction.

The grayscale weighted average, Y, is represented by the following:

Y =0.299R +0.587 G + 0.114 B...... (3.1) [79]

Equation (3.1) where R, G and B are integers representing red (R), green (G)
and blue (B) with values in the range 0-255.

b. Enhancement image: The image's contrast is improved through the use of
histogram equalization. This is a computer image processing technique that
increases image contrast by making slight adjustments to the pixel intensities. It
works by redistributing the most frequent intensity values across the image,

thereby expanding the overall intensity range.
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c. Resizing images: The size of the images from the dataset must be resized to a
uniform size. This is because the images in the dataset may have different sizes.
Determining the optimal size can be achieved by experimenting with several
techniques and sizes, and testing the model's performance when using different
Image sizes, based on a trial-and-error method to obtain the best possible size.
Although there is no one-size-fits-all solution, experimenting with different
techniques and sizes can help determine the best way to perform the model. This

Is explained in detail in chapter four.

3.3.3 The Feature Extraction Phase

In this step, the goal is to identify and extract the most relevant features of sign
letters, words, and facial expressions. This process involves analyzing the gestures
and understanding their unique properties that contribute to their meaning. It may
include aspects such as hand movements, hand shapes, facial expressions, and other
visual cues. By isolating and focusing on these key aspects, the subsequent steps can

be utilized effectively by processing two steps.

The two distinct steps mentioned in this phase using LDA and 1DCNN
algorithms. Once the relevant aspects are isolated, the proposed system employs two

algorithms, LDA and 1DCNN, for training or testing the dataset.

1. Feature Extraction based on LDA

The LDA method is employed in this stage to extract broad features from each
image. The original hand image matrix is converted using the LDA approach into a

reduced dimensional space to simplify the extraction of broad properties.
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As a result, the highlighted aspects of each image were determined as a vector
of row values, where the features of each alphabetic sample were represented by the
columns. Three steps must be followed to achieve the objective of feature extraction.
The inter-class matrix or distinction is the first stage; it is used to measure
disengagement between different classes (the distance between their average
values). The second stage was to determine the variance within each class, which is
the difference between each sample's hand image and the class average. Finally, the
procedure of developing the lower dimensional space reduces within-class variance

while increasing between-class variance.

The final result is a vector database reflecting the extracted features, from which
various images of text and faces can be retrieved. Every dataset is saved as an Excel
file with the extension ".csv" where the rows represent images of the alphabet,

words, or facial gesture features, and the columns reflect the features of each gesture.

2. Feature Extraction based on CNN

In this step, a CNN is applied to extract high-level features that are more
specific and focused than the low-level features obtained from the previous stage.
The low-level features are extracted using the LDA algorithm, which helps deduce
the most important features for the subsequent CNN layers during training. Here is

a breakdown of this step:

Low-level feature extraction using LDA: The LDA algorithm, as mentioned
earlier, is applied to the dataset to extract low-level features. LDA analyzes the
dataset and identifies the most discriminative features that contribute to class
separability. These features are selected based on their ability to distinguish between

different classes or categories within the dataset. By using LDA, the system obtains
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a reduced-dimensional representation of the data that retains the most relevant

information for classification or other tasks.

Applying a network to extract high-level features: Once the low-level features
have been extracted, a network, typically a CNN, is employed to further process the
data and extract high-level features. CNNs are designed to automatically learn
hierarchical representations from the input data. The convolutional layers in a CNN
perform local feature extraction, capturing patterns and structures at different levels
of abstraction. As the data passes through these layers, higher-level features are
progressively extracted, focusing on more specific and relevant aspects of the input.
These high-level features are representations that capture meaningful characteristics

of the gestures, which can aid in subsequent classification or analysis.

During the training phase, the network learns to optimize its internal
parameters, adjusting the convolutional filters and other components to extract the
most discriminative high-level features for the given task. This process involves
iteratively feeding the training data through the network, calculating the loss, and

updating the network parameters through backpropagation.

By combining the low-level features extracted using LDA with the subsequent
high-level features extracted through the CNN layers, the system aims to capture and
represent the most important and informative aspects of the gestures, enhancing the

performance of subsequent classification or analysis tasks.

It's important to note that the specific network architecture, hyperparameters,
and training procedures can vary depending on the specific implementation and

requirements of the gesture recognition system being developed.
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3.3.4 The Recognition Phases

In this phase, structural approaches are utilized to carry out the classification
process. The proposed models for deep learning are trained on a dataset consisting
of feature vectors derived from both images and videos, rather than directly on the
video or images themselves. The key consideration is performance speed, as
traditional approaches tend to have slow training and performance times. Hence,
new classification models are proposed and presented for detection and
classification, based on the One-Dimensional Convolutional Neural Network
(1DCNN). Describe the list of all the models in Figure 3.6, as follows:

1. Classification and Recognition of ArSL

A. LDA-CNN of Alphabet Model

B. LDA-CNN of Word Model

C. LDA-ML of Alphabet & Word Model
D. Face-CNN Model

E. Hybrid CNN-ML Word Model

2. VGG-16 Model for ArSL

A. VGG-16 Model of One Dimensional
B. VGG-16 Model of Two Dimensional
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Figure 3.6: A Blok Diagram for All Models.

3.3.4.1 Classification and Recognition ArSL

A. LDA-CNN Alphabet Model

This model proposes a new structure for hand gesture recognition based on
feature extraction using LDA and classification using a LDCNN. The model aims to
achieve high accuracy in recognizing hand gestures, particularly in the context of
the ArSL alphabet.

This model consists of two main stages: feature extraction and classification.
Each stage has its own set of layers with specific responsibilities and goals.

Feature extraction stage: In this stage, output from LDA is used for feature
extraction. Each image is transformed into a vector of features, and these feature

vectors serve as the input for the subsequent classification stage.
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Classification stage using 1DCNN: The feature vectors obtained from the
previous stage are fed into a IDCNN for hand gesture classification. The 1DCNN is
specifically designed to detect and recognize hand gestures, with a focus on
comparing them to the ArSL alphabet. The architecture of the 1DCNN is illustrated
in Figure 3.7, providing a visual representation of the network structure.

The proposed model includes additional details such as the arrangement of
layers, their responsibilities, and the output shape and quantity of parameters
(weights) for each layer. These specifics are summarized in 1DCNN Table 3.1,
providing a comprehensive overview of the model's architecture.

1DCNNs are well-suited for real-time hardware implementation and are cost-
effective due to their simple and compact design. This suggests that the proposed
model is designed to be efficient in terms of both computational resources and real-

time performance.
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Figure 3.7: The proposed architecture of the LDA-CNN alphabet Model
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The classification step begins with the activation function being applied to two fully
connected layers, also known as Dense layers; the third fully connected layer, also
known as the output layer or decision-making layer, implements a sigmoid function
to provide the final class of the sequences; and the final layer is the output layer or

decision-making layer.

The suggested model has seven convolutional layers, each of which is followed
by a nonlinear layer and a pooling layer. Convolution layers of 16, 32, 64, 128, 256,
512 and 1024 convolution filters are utilized. When using these filters, a unique
kernel is applied to each window to achieve the desired effect. With regards to the
non-linear layer used in 1IDCNNs and generic convolutional neural networks to
distinguish between signals and meaningful information on each hidden layer, the
use of CNN as a non-linear layer, typically with "leaky Rectified Linear Units"
(LeakyReLU) is an activation function utilized for all levels of the model and a
sigmoid for the last dense layer," can be used to construct a wide range of functions

(output layer).

The fully connected layer, also known as the output layer or decision-making
layer, is the last in a neural network architecture. It consists of three neurons and

uses a SoftMax function to determine the final sequence of classification.
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Table 3.1: A Summary of components of the proposed model's architecture.

Block
o, Layer type Output shape Params no.
Conv_1(Conv1D-size(3,1)) (None,32,16) 64
1 leaky re lu_1(LeakyRel U) (None,32,16) 0
poolingld_1(MaxPoolingl) (None,14,16) 0
convld_2 (ConvlD-size(3,1)) (None,12,32) 1568
2 leaky re lu_2 (LeakyRelLU) (None,14,16) 0
poolingld_2 (MaxPoolingl) (None,6,32) 0
convld 3 (ConvlD) (None, 4, 64) 6208
3 leaky re lu_3 (LeakyReLU) (None, 4, 64) 0
poolingld_3 (MaxPoolingl) (None, 4, 64) 0
convld_4 (ConvlD) (None, 4, 128) 8320
4 leaky re_lu_4 (LeakyReLU) (None, 4, 128) 0
poolingld_4 (MaxPoolingl) (None, 4, 128) 0
convld 5 (ConvlD) (None, 4, 256) 33024
5 leaky re_lu_5 (LeakyReLU) (None, 4, 256) 0
poolingld_5 (MaxPoolingl (None, 4, 256) 0
convld 6 (ConvlD) (None, 4,512) 131584
6 leaky re_lu_6 (LeakyReLU) (None, 4, 512) 0
poolingld_6 (MaxPoolingl (None, 2,512) 0
. convld_7 (ConvlD) (None, 2, 1024) 525312
leaky re_lu_7 (LeakyReLU) (None, 2, 1024) 0
(Dense) (None, 2, 512) 524800
(Dense) (None, 2, 256) 131328
8 (Dense) (None, 2, 256) 65792
(Dense) (None, 2, 128) 32896
convld 8 (ConvlD) (None, 2, 185) 23865
9 flatten_1 (Flatten) (None, 370) 0
(None, 32) 11872
10 Fc-out(Dense)
Total params: 1,496,633
Trainable params: 1,496,633
Non-trainable params: 0
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B. LDA-CNN Word Model

The suggested model proposes a new network for classification and labeling over
80 words for each gesture in ArSL. The model leverages dynamic images and
introduces a structure based on features extracted from these images. To classify the
ArSL word, the model combines the output of the LDA algorithm, which generates
a vector of image features with a one-dimensional CNN.

1DCNNs are particularly suitable for implementation due to their minimal
processing requirements. Their simple and compact configuration, which involves
only 1D convolution operations, also contributes to their cost-effectiveness. The
detailed architecture of the suggested CNN model is provided in Table 3.2. These
visual aids specify the layers of the model's layers architecture.

Block 1:

The first convolutional layer (Conv_1) performs 1D convolution with a kernel
size of (3,1), resulting in an output shape of (None, 32, 16). It has 64 trainable
parameters.

The LeakyReLU activation function is applied to introduce non-linearity. It was used
because the features extracted from the LDA are far from zero, so the approximation
is better using LeakyReL U.

The MaxPooling1D layer reduces the spatial dimensions of the output by selecting
the maximum value in each neighborhood. It transforms the output shape to (None,
14, 16).

Block 2:

The second convolutional layer (ConvlD _2) has a kernel size of (3,1), resulting
in an output shape of (None, 12, 32). It has 1568 trainable parameters.

The LeakyReLU activation function is applied.
The MaxPooling1D layer further reduces the spatial dimensions to (None, 6, 32).
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Block 3:

The third convolutional layer (ConvlD 3) has an output shape of (None, 4, 64)
and 6208 trainable parameters.
The LeakyReL U activation function is applied.
The MaxPoolinglD layer maintains the same output shape of (None, 4, 64).
Block 4:

The fourth convolutional layer (ConvlD_4) produces an output shape of (None,
4, 128) with 8320 trainable parameters.
The LeakyReL U activation function is applied.
The MaxPoolinglD layer preserves the output shape of (None, 4, 128).
Block 5:

The fifth convolutional layer (ConvlD 5) outputs (None, 4, 256) with 33024
trainable parameters.
The LeakyReLU activation function is applied.
The MaxPooling1D layer maintains the same output shape of (None, 4, 256).
Block 6:

The sixth convolutional layer (ConvlD_6) produces an output shape of (None, 4,
512) with 131584 trainable parameters.
The LeakyReL U activation function is applied.
The MaxPooling1D layer reduces the output shape to (None, 2, 512).
Block 7:

The seventh convolutional layer (Conv1lD_7) outputs (None, 2, 1024) with 525312
trainable parameters. The LeakyRelL U activation function is applied.
Dense Layers:

The first dense layer (Dense) has an output shape of (None, 2, 512) and 524800

trainable parameters.
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The second dense layer (Dense) has an output shape of (None, 2, 256) and 131328
trainable parameters.

The third dense layer (Dense) has an output shape of (None, 2, 256) and 65792
trainable parameters.

The fourth dense layer (Dense) has an output shape of (None, 2, 128) and 32896
trainable parameters.
Convl1D_8 (ConvlD):

This convolutional layer has an output shape of (None, 2, 185) and 23865 trainable
parameters.
Flatten_1 (Flatten):

The flatten layer reshapes the output from the previous layer into a 1D vector with
a shape of (None, 370), preparing it for the final classification.
Fc-out (Dense):

The final dense layer (Fc-out) has an output shape of (None, 32) and 11872

trainable parameters.

In summary, the model consists of eight convolutional layers for 1D feature
extraction, followed by seven MaxPooling1D layers to reduce spatial dimensions.
Then, four dense layers are utilized before the final convolutional layer (Conv1D_8).
The output from ConvlD 8 is flattened, and a fully connected layer (Fc-out)
provides the final classification with an output shape of (None, 32). The total number

of parameters in the model is 1,496,633, all of which are trainable.
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Table 3.2: A summary of components of the LDA-CNN Word model's architecture.

Layer {(type) output shape Faram #
convid_1 (convip)  (None, 27, 16) &4
lTeaky_re_Tu_1 {LeakyReLU) {(Mone, 27, 1&) 0
max_poolingld_1 {(MaxPoolingl (None, 13, 16) o]
Teaky_re_Tu_2 {(LeakyReLU) (Mone, 132, 16 o]
convld_2 {(ConvliD) (Mone, 11, 32) 1568
max_poolingld_2 {(MaxPoolingl (None, 5, 320 o]
convld_3 {(ConvlD) {(Mone, 2, 647 6208
Teaky_re_Tu_3 {(LeakyRelLU) {Mone, 3, a4) i
max_poolingld_3 {(MaxPoolingl (None, 3, &4) o]
convld_4 {(ConvlD) (Mone, 2, 128) 8320
Teaky_re_Tu_4 {LeakyRelLU) (Mone, 3, 128) o]
max_poolingld_4 {(MaxPoolingl (MNone, 3, 128) o]
convld_5 {(ConvliD) (Mone, 2, 256) 33024
Teaky_re_Tu_5 {(LeakyReLU) (Mone, 3, 256) o]
max_poolingld_% {(MaxPoolingl (None, 3, 256 o]
convld_& {(ConvliD) (Mone, 3, 5120 131584
Teaky_re_Tu_a {(LeakyrReLU) (Mone, 3, 5120 o]
max_poolingld_& {(MaxPoolingl (None, 2, 5120 o]
convld_7 {ConvliD) (Mone, 2, 1024) 5253172
Teaky_re_lu_7 {(LeakyReLU) (Mone, 2, 1024) o]
dense_1 {(Dense) {(Mone, 2, 5120 524800
dense_2 {(Dense) (Mone, 2, 256) 131328
dense_3 {(Dense) (Mone, 2, 256) 65792
dense_4 {(Dense) (Mone, 2, 128) 32894
convld_8 {ConvliD) {(Mone, 2, 185%) 23845
flatten_1 {(Flatten) {(Mone, 3700 o]
dense_5 (Dense) {(None, 200 11130

Total params: 1,495,891
Traina 1e Baramﬁ: 1,495,891
Non-trainable params: 0O
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C.

LDA-ML Alphabet &Word Model

The proposed framework for understanding ASL signs. The model uses

machine learning techniques to identify and categorize ArSL. The goal of this task

Is to interpret ArSL into text while also interpreting hand images and videos. The

primary procedures involved in carrying out the proposal are depicted in Figure 3.8.

These are the strategies that are suggested:

Naive Bayes classifier (NB)

Decision Tree (DT)
Random forest (RF)

K-Nearest Neighbor (k-NN)

Stochastic Gradient Descent (SGD).

lllﬁ
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Figure 3.8: The Diagram of the LDA-ML model
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The suggested technique employs machine learning techniques for the
alphabetic and words signs classification. This model illustrates the implementation
of five of the most popular machine-learning classification algorithms mentioned
earlier. These algorithms are implemented on features extracted from images using
the methods presented in the previous sections of the message to find the best

accuracy for classification.

D. Face-CNN Model

To improve the suggested model's categorization of head motion and word
discrimination, a CNN architecture is used for training and testing using a standard
dataset for face discrimination. Figure 3.9 illustrates the framework of the face
motion classifier, including its feature extraction and classification phases. Face
movement classification using a convolutional neural network consists of two

stages: feature extraction and classification.

A total of three dense layers and one FCL (the output layer) make up the
classification phase. Dense layers can make use of the "LeakyRelLU" activation
function, while the final layer (the output layer) makes use of the SoftMax activation
function. This includes the layering of each layer, the shape of the output, the number
of parameters (weights), and an overview of the proposed model as a whole. Table

3.3 shows the summary of 1DCNN to classification landmarks for lapis.

74



Chapter Three The Proposed System

( Input Dataset |

Video Dataset

[ Videos Splluing] Fm““‘““ Save CNN ! ofu:::::m
a-Jones Model
Gestures

- —— . —— —

-
* Train the model

Converting each

image into a

| Convert RGB
| to Grayscale
image

I
I
I
vectore of features |
|
I
I

Data Splitting

- |-lortra-nng I | ''''''' . ng:m

for testing

| Enhancement ||
Images

Figure 3.9: The diagram of the Face-CNN Model
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Table 3.3: Summary of components for the proposed Face-CNN

Layer (type) Qutput Shape Param #
convid_1 (ConviD)  (Nome, 15, 16) 64
lTeaky_re_Tu_1 (LeakyReLU) (None, 15, 16) 0
max_poolingld_ 1 (MaxPoolingl (None, 15, 16) 0
lTeaky_re_Tu_2 (LeakyReLU) (None, 15, 16) 0
convld_2 (ConvlD) (None, 13, 32) 1568
max_poolingld_2 (MaxPoolingl (None, 13, 32) 0
convld_3 (ConvlD) (None, 11, 64) 6208
Teaky_re_Tu_3 (LeakyReLU) (None, 11, 64) 0
max_poolingld_3 (MaxPoolingl (None, 11, 64) 0
convld_4 (ConvlD) (None, 9, 128) 24704
leaky_re_lu_4 (LeakyReLU) (None, 9, 128) 0
max_poolingld_4 (MaxPoolingl (None, 9, 128) 0
convld_5 (ConvlD) (None, 7, 256) 98560
Teaky_re_Tu_5 (LeakyReLU) (None, 7, 256) 0
max_poolingld_5 (MaxPoolingl (None, 7, 256) 0
convld_6 (ConvlD) (None, 5, 512) 393728
lTeaky_re_Tu_6 (LeakyReLU) (None, 5, 512) 0
max_poolingld 6 (MaxPoolingl (None, 5, 512) 0
convld_7 (ConvlD) (None, 3, 1024) 1573888
Teaky_re_Tu_7 (LeakyReLU) (None, 3, 1024) 0
convld_8 (ConvlD) (None, 3, 1405) 1440125
flatten_1 (Flatten) (None, 4215) 0
dense_1 (Dense) (None, 18) 75888

Total params: 3,614,733
Trainable params: 3,614,733
Non-trainable params: 0
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E. Hybrid CNN- ML Model

The proposed new method utilizes a combination of convolutional neural
networks (CNNs) and machine learning algorithms to classify and recognize ArSL
gestures from videos. The primary goal of the Hybrid CNN-ML model is to use CNN
to make predictions and classifications about the deaf's state based on the detection

of hands over time.

This hybrid model combines the CNN model and machine learning techniques.
The LDA-CNN Word model is pre-trained on the word dataset and is used in the
CNN implementation stage. In the first step, the output features of vectors (one
vector for each class) from LDA are split into (70%) training and (30%) testing data
as input to a one-dimensional CNN model. The next step is saving the model after
completing the training process. When video translation was implemented, there was
a delay in the translation process compared to real-time video. To solve this issue by
building this hybrid model, it was decided to combine the features produced by this

model with machine learning techniques.

In the hybrid model, Naive Bayes, Decision Trees, and Random Forest were the
classifiers used in this model to categorize the CNN test input features for each
gesture. These machine-learning techniques utilize information extracted from the
Image to categorize the Arabic words for sign language. The proposed system

applied Dataset2 and Dataset3 for Arabic Sign Language gestures.

The CNN structure in Table 3.4 shows a summary of the convolutional network,
which contains the input data, and the number and size of filters (often referred to as
convolution kernels or feature detectors) that traverse data covering 30 words are

specified in the dataset.
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Table 3.4: 1DCNN Layers for Hybrid CNN-MI Model

Layer (type) Output Shape Param #
convld_1 (ConvlD) (Mone, 27, 16) 64
leaky_re_Tu_1 (LeakyReLU) (None, 27, 16) 0
max_poolingld_1 (MaxPoolingl (None, 13, 16) 0
leaky_re_Tu_2 (LeakyRelU) (None, 13, 16) 0
convld_2 (ConvlD) (None, 11, 32) 1568
max_poolingld_2 (MaxPoolingl (MNone, 5, 32) 0
convld_3 (ConvlD) {(None, 3, 64) 6208
lTeaky_re_Tu_3 (LeakyReLU) (Mone, 3, 64) 0
max_poolingld_3 (MaxPoolingl (MNone, 3, 64) 0
convld_4 (ConvlD) (None, 3, 128) 8320
leaky re_Tu_4 (LeakyReLU) (None, 3, 128) 0
max_poolingld_4 (MaxPoolingl (None, 3, 128) 0
convld_5 (ConvlD) (None, 3, 256) 33024
leaky_re_Tu_5 (LeakyRelLU) (None, 3, 256) 0
max_poolingld_5 (MaxPoolingl (None, 3, 256) 0
convld_6 (ConvlD) (None, 3, 512) 131584
leaky_re_lu_& (LeakyRelLU) (None, 3, 512) 0
max_poolingld_6 (MaxPoolingl (None, 2, 512) 0
convld_7 (ConvlD) (None, 2, 1024) 525312
leaky_re_Tu_7 (LeakyRelLU) (Mone, 2, 1024) 0
dense_1 (Dense} (None, 2, 512) 524800
dense_2 (Dense) (None, 2, 256) 131328
dense_3 (Dense) (Mone, 2, 256) 65792
dense_4 (Dense)} (None, 2, 128) 32896
convld_8 (ConvlD) (None, 2, 185) 23865
flatten_1l (Flatten) (None, 370) 0
dense_5 (Dense} (None, 303} 11130
Total params: 1,495,891

Trainable params: 1,495,891

Mon-trainable narams: 0
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Algorithm 3.2 explains the process of the hybrid model. The Train Model
function takes the model, input data x, and labels y as parameters. It sets the
optimizer (opt) as Adam with a learning rate of 0.001. Then, it compiles the model
using the categorical_crossentropy loss function, optimizer opt, and metrics as
accuracy. Finally, it trains the model using the fit() function with specified

parameters.

The ExtractFeatures function is responsible for extracting features from the
trained model. It iterates over the layers in the model and prints the layer index and
layer details. The function getFeature is defined using K.function(), which takes
model.layers[0].input as the input and K.learning_phase() as the learning phase. This
function is used to extract the features from the model by applying it to the input

data x.

The ExtractFeatures function applies getFeature to the input data x and stores
the result in exTrain3000. It then reshapes exTrain3000 to match the desired shape

and stores it in arr_reshapedl. The shape and values of arr_reshapedl are printed.

In the Main section, the input data x and labels y are set. The model is also set
as the constructed CNN model. The TrainModel function is called with the model,
input data x, and labels y as arguments to train the model. The ExtractFeatures
function is called with the trained model and input data X to extract the features. The
extracted features are reshaped and stored in arr_reshapedl. The shape and values

of arr_reshaped1 are printed to display the extracted features.
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Algorithm 3.2: Hybrid CNN-ML Model

Input: Dataset features of vectors that are obtaind from LDA
Output: classification gestures for ArSL words

Function LoadData(filepath):
Begin
Read CSV file from filepath into inpdata
Set df _norm as inpdata columns 1 to 30
Set the target as inpdata column ‘class’
Set df as a concatenation of df_norm and the target
Return x, y
end
Function PreprocessData(x, y):
Begin
Standardize the values of x using StandardScaler
One-hot encode y using LabelBinarizer
Reshape x to match the CNN input shape
Return x, y
End
Function ConstructCNNModel():
Begin
Create a Sequential model
Add Conv1D layers with specified parameters and activation functions
Add MaxPooling1D layers for downsampling
Add Dense layers and a final Conv1D layer with softmax activation
Return the model
End
Function TrainCNNModel(model, X, y):
Begin
Compile the model with specified optimizer, loss function, and metrics
Train the model using fit() function with x and y
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Return the trained model
End
Function ExtractFeatures(model, x):
Begin
Create a function getFeature using a specific layer of the trained model
Apply the getFeature function to x to extract features
Reshape the extracted features
Return the reshaped features
End
Function MLClassification(xx, yy):
Begin
Scale xx using MinMaxScaler
Split xx and yy into training and testing sets
Train several classifiers (GaussianNB, SGDClassifier, RandomForestClassifier)
Predict labels for the testing data using the trained classifiers
End
Main:
Begin
Set filepath as the path to the input CSV file
Set data as LoadData(filepath)
Set X, y as PreprocessData(data)
Set model as ConstructCNNModel()
TrainedModel = TrainCNNModel(model, X, y)
ExtractedFeatures = ExtractFeatures(TrainedModel, x)
ML Classification(ExtractedFeatures, y)
End
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3.3.4.2 VGG-16 Model for ArSL

Recently, the use of CNN for various applications has significantly increased
in the computer vision field. The first and simplest deep CNN architecture after Alex
Net was the VGG-Net. Later, a 22-layer architecture known as Google Net was
introduced. Although Google Net has more layers than VGG-Net, it requires fewer
parameters due to the use of the "inception module™ as a building block. Inception
modules perform convolution at different scales and spatial pooling in parallel.
These modules are also optimized with convolutions (cross-channel pooling) to
reduce dimensionality and eliminate or reduce redundant layers while keeping the

network size manageable.

A. Two-Dimensional VGG-16 Model

The effectiveness of these models was compared using the model VGG16 for
current deep learning and the suggested techniques. This network is used to process
color images from video or images in the dataset. A 224*224-pixel image with three
color channels (R, G, and B) is assumed as input by some of the many possible
network architectures. Each pixel's RGB values are not normalized, but other than
that, no preprocessing is performed. The uniformity of its structure makes it seem
like a less complicated version of a deep convolutional neural network, which is
appealing to a newbie. The framework of the network is depicted in Figure 3.10.

There are only two guidelines to follow when using VGG-16:

1. A window size of 3*3, stride of 1*1, and padding of the same are used in each
convolutional layer's setup. The number of filters is the sole distinguishing

feature.
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2. For each Max Pooling layer, the configuration window size is 2*2, and the
stride is 2*2. This means that after each pooling layer, the image is twice as
large. Layers used in this work that were trained with VGG-16 are listed in
Table 3.5.

maxpool m —7
maxpool maxpool maxpoo] ¥
' ' ' 1T
Depth 512 Depth 312 )L :
Depth 256 o P softmax
Depth 128 b Convd_| Cos_L
3x3 comv omj_” Conv4 2 Com3 1 FCl FQ2
Depth 64 Com?_1 Cowil Convd 3 Comvs 3
353 conv Com'l:Z Com-;\ ke Convd 4 Com3 4
Com 1 Conv3 4 -

Com1 2

Figure 3.10: Two-Dim VGG-Net layers
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Table 3.5: VGG-16 layers Model

Layer {type) Output Shape Param #
conv2d_1 (Conv2D)  (Nome, 20, 20, 64) 1792
conv2d 2 (Conv2D) {None, 20, 208, &4) 36928
max_pooling2d 1 (MaxPooling2 {(None, 18, 18, &4) a
conv2d 3 (Conv2D) {None, 18, 18, 128) 73856
conv2d_ 4 (Conv2D) {None, 18, 18, 128) 147584
max_pooling2d 2 (MaxPooling? (MNone, 5, 5, 128) a
conv2d_5 (Conv2D) {None, 5, 5, 25&) 295168
conv2d_6& (Conv2D) {None, 5, 5, 25&) 590880
conv2d_7 (Conv2D) {None, 5, 5, 25&) 590880
max_pooling2d 3 {(MaxPooling2? {(MNone, 2, 2, 256) e
conv2d_8 (Conv2D) {None, 2, 2, 512) 1188166
conv2d 9 (Conv2D) {None, 2, 2, 512) 2359808
conv2d_ 18 {(Conv2D) {None, 2, 2, 512) 2359808
max_pooling2d 4 (MaxPoeoling? (MNone, 1, 1, 512) a
conv2d_11 {(Conv2D) {None, 1, 1, 512) 2359808
conv2d_12 {(Conv2D) {None, 1, 1, 512) 2359808
conv2d_13 {(Conv2D) {None, 1, 1, 512) 2359808
max_pooling2d 5 {(MaxPeooling? {(MNone, 1, 1, 512) e
flatten_1 (Flatten) {None, 512) e
dense_1 (Dense) {None, 489&) 2181248
dense_2 (Dense) {None, 489&) 16781312
dense_3 (Dense) {None, 31) 127087
Total params: 33,724,255
Trainable params: 33,724,255

MNon-trainable params: @
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B. One Dimensional VGG-16 Model

A convolutional neural network optimized for a single dimension, 1D-VGG16
Is based on the more complex 2D-VGG16 model. Thirteen convolution layers, five
maximum pooling layers, a linear layer, and three SoftMax layers make up the
model. Miniature convolution kernels improve the model's capacity for learning. To
avoid model overfitting, the original entire connection layer is omitted. The
LeakyRelLU activation function is not used. For 1D-VGG16 to work with
experimental data, we must first perform LDA to transform the input one-
dimensional matrix into a dataset of feature vectors. Figure 3.11 shows VGG-16
layers. Table 3.6, summarizes the individual parts that make up the VGG-16 one-

dim model.

VGG16 Model Architecture
In T o [ TN |R IR VIR,

P e 2 A& R |eh b [ Dt | | DD |6 | gggoutput
:_ = || | = =l elg ¢
D225 1223 12(2(2(3 (22|25 12(2(2(3 5 § § =D
Q0 ||Q(%a |2I2I1RIa![RIQ[QIa!R(Q|C|a (alialia]

00 Q|0 Q0 |0 Q0 |0 Q0 O
L L J
a Y
Convolutional and Pooling Layers Fully-Connected Layers

Figure 3.11: One-Dim VGG-Net layers
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Table 3.6: Summary of components for VGG-16 One Dim model's architecture

Layer (type) Jutput Shape Param #
comrld 1 {(CormrlD) (Hone, 30, c4) 25¢
comrld 2 (CormvlD) (Hone, 30, c4) 12352
max poolingld 1 (MaxPoolingl (Hone, 15, ©4) a
comrld 3 (ComrlD) (Hone, 15, 128) 24704
comrld 4 (CormrlD) (Hone, 15, 128) 45230
max poolingld 2 (MaxPoolingl (Home, 7, 128) a
comrld & (Comr1D) (Hone, 7, 25&) S5235&0
comvld & (CormwlD) (Mone, 7, 25&) 1%e2c4
comvld 7 {(CormwlD) (Mone, 7, 25&) 1%e2c4
max poolingld 3 (MaxPoolingl (Hone, 2, 2Z25&) a
cormvld 2 (CormvlD) (Hone, 3, 512) 353728
cormvld 3 (CormvlD) (Hone, 3, 512) 72944
comvld 10 (ConwvlD) (Hon=e, 3, 512) TEco44
max poolingld 4 (MaxPoolingl (Home, 1, S512) o

comrld 11 (ConwlD) (Hone, 1, 512) TEco44
comrld 12 (ConwlD) (Hone, 1, 512) TEg944
comrld 13 (ConwlD) (Hone, 1, 512) TEg944
max poolingld 5 (MaxPoolingl (Home, 1, 512} a
flatten 1 (Flatten) (Mome, 512) [}
dense 1 (Dense) (Hone, 403&) 2101248
dense 2 (Dense) (Hone, 403&) 16781312
dense 32 (Dense) (Hone, 31) 127007
Total params: 23, 91&, 2595

Trainakle params: 23, %1c, 895

Hon—trainakle params: 0
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3.4 Constructing a Dictionary for Words Gestures

The dictionary database used in both the Hybrid CNN-ML and Face-CNN
models was constructed on the ArSL Dictionary, which includes a collection of all
the gestures that were interpreted in the system's real-time video implementation
stage. The ArSL Dictionary is a comprehensive database of Arabic Sign Language
(ArSL) that includes information on the signs, meanings, and usage of different
ArSL words and phrases. The dictionary was used to train the models and to map
the input signs to their corresponding words or phrases. During the implementation
stage, the models used this dictionary to recognize the gestures performed by the
user and to translate them into text output.

A dictionary is a data structure that stores key-value pairs, where each key maps
to a corresponding value. In the context of storing words with their equivalent
representations from a dictionary, a dictionary data structure would be a useful
choice. Here are some of the attributes that such a dictionary might have: It contains

one table, which has the following attributes:
* ID: a unique ID for each character, which represents many classes

* Character: familiar words with the Arabic language.

* Gesture: the equivalent representation in sign language for each word
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3.5 Decision-Making to the Prediction Classification phase

This hybrid model includes models for prediction where two neural network
models collaborate to make a classification decision and are executed in parallel: the
proposed Hybrid CNN-ML model for prediction to word classification and the
proposed Face-CNN detection model for identifying features of head movement
associated with a word.

In this phase, two convolution neural network models work together to make a
classification decision, which forms the basis for the classification decision that is
produced. Decision partnership is one of the common strategies for multi-model
cooperation. Each model's output is activated, indicating that selecting a certain filter
represents a "decision”.

Depending on all activations, the final decision is determined using a specific
partnership approach. Both models are simultaneously candidates and decisions. The
output activations of the models that make up the collaborative framework are
partnership offerings. In the real-time video execution step, this hybrid model is used

to interpret the words and gestures into text.
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Chapter Four Experiment Results and Discussion

4.1 Overview

This chapter provides a clearer explanation of the results and compares them to
other models on the datasets used in this study. This is in addition to a summary of
the proposed technical results. The best model for the ArSL dataset is determined by
analyzing its behavior using multiple datasets. The following sections outline the
datasets and system requirements that were used with the proposed system. The

results of the proposed system are described in each section.

4.2 System Requirements

The software or program needs a computer system with enough processing
power to perform machine learning and deep learning on any dataset. So, the

proposed system is implemented using the following:

4.2.1 Hardware:

Processor: Intel Core i7-10750H CPU @ 2.60GHz 2.59 GHz.

Central Processing Unit (CPU): Intel Core 117-7700HQ CPU @ 2.80 GHz.
RAM: 16.0 GB.

Hard Disk: 2 TB + 256 GB.

Graphics Processing Unit (GPU): NVIDIA GeForce RTX 3060 6GB GDDRS6,
Boost Clock 1425/ 1702MHz, TGP 130W.

o &~ w D oE

4.2.2 Software:

1. Operating System: Windows 10 and above 64-bit.
2. Programming Language: Python 3.6.10, TensorFlow 2.1.0 version, C++,

NetBeans Java, Oracle.
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4.3 The Dataset Description

An outline of the datasets used, as indicated in section 3.3.1. When it comes to
letter signs and word gestures, three different types of datasets are used, and these
are represented in Table (4.1). Moreover, the FaceDataset is a specialized database

for face recognition.

The content of BArDatasetl for the alphabet is shown in Table (4.2), and the
components of Dataset 2 and Dataset 3, which are related to word gestures, are
shown in Table (4.3) and Table (4.4). Some challenges are taken into account in
these datasets, such as variations of the backgrounds of both images and videos, the
difference in the position, the orientation of the hand, hand pose, and in the speed of
the hand movement with different colors of the hand, etc. This dataset will be suited

for research and will be available for free to all researchers.

Table 4.1: The Dataset of Arabic Sign Language

Dataset Description Samples

ArSL [2018] for deaf language Arabic alphabet gestures is

made with hand sign on a static background, as well as a

graylmage

é Q % % & L. & & | 54000 static
Datasetl . . T |

. ac " mages

& é i % W e = &

4 8 .

¥ e & % ‘& 2 & @

)\ T ¢

é,\ ﬁ .s> A4 %\ & g, R

The MUCT dataset contains the face gestures over a | 3755 unique
FaceDataset

variety of backgrounds and persons human faces
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The dataset contains the Arabic sign language words,
created with a sign hand over a variety of backgrounds,
angles and lights

Dataset 2 2580 images
The dataset contains the Arabic sign language words,
hands with various backgrounds, locations, and
illumination collected from the video are included in the

Dataset 3 dataset. 100 video

A & b ¥
- "1 h &

The database is divided into 32 classes, each class representing a letter from the

Arabic sign language. This is the case with the Arabic sign language character
database. As for the words in Arabic sign language, they are divided into 80
categories, where each category represents a word. These expressions contain verbs
with one hand as well as verbs with two hands and face gestures. This data set
consists of 50 categories of common and widely used words and 30 categories of

isolated hand gestures that represent the governorates of Iraq.
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Table 4.2: Pronunciation of each alphabet with a corresponding number of images.

# | Letter Letter name | # No. of | # Letter Letter # No. of
name in|in  Arabic | Images name in | pame  in | images
English script English Arabic
Seript Seript script

1 | Alif i {—iﬂrls'] 1672 17 | Za L [;,Lli.) 1723

2 |Ba (8 | 1791 18 | Ay F(os) | 2114

I | Ta - (5'51] 1838 19 | Ghayn E () | 1977

4 | Tha - (i'ui) 1766 20 |Fa < (sd) | 1955

5 |Jm z(a) 1552 |20 |Qif S(<d) | 1705

6 | Ha z(s5) | 1526 22 | Kaf d(<8) | 1774

7 | Kha z(ss) | 1607 23 | Lam JY) | 1832

§ | Dl 3 () 1634 24 | Mim a(as) | 1765

9 | Dhil 3JY 1582 |25 | N o(0g) | 1819

10 | Ra () 1639 26 | Ha o(s) | 1592

11 | Zay el |13 27 | Waw s(dy) | 1371

12 | Sin Slos) | 1638 (28 |Ya 54 |1

13 | Shin S | 1507 |29 | T sE | 1791

14 | Sad Ja(da) | 1895 30 (Al JEy | 1343

15 | Dad pa(da) | 1670 31 |Laa YY) 1746

16 |Ta h [PI-L'] 1816 32 | Yaa s (sl) | 1293
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Table 4.3: Pronunciation of each word with a corresponding number of images.

Word Word Word Word
# Namein  Namein No. of Namein Namein No. of
Arabic English mages Arabic English images
Script Script Script Script
‘ Thank
1 Al 2eal) 120 16 B~ Sad 123
God
Peace be .
2 oSile 23Ul 154 17 el Loyalty 112
upon you
Good Agreeme
3 ol Flua ] 130 18 e 189
morning nt
Good
4 BYES{IPA TN ) 140 19 S Books 167
evening
How are Where is
5 Jall cas 114 20 Sl ¢yl 139
you the place
3 ] Cooperati
6 Alilal family 170 21 Qs 134
on
7 ATEN good 180 22 Jual 55 Contact 142
Thank
8 B 140 23 »a Ready 178
you
9 abial Y | can't 130 24 oY) As Yet 123
10 st finish 120 25 ala Betrayal 156
11 s happy 145 26 ac Support 176
12 aclua help 167 27 e Treachery 145
) Unimport
13 e like 189 28 pos 143
ant
14 £ bad 178 29 Jals Complete 150
. congratul
15 e important 145 30 Ay m _ 180
ations
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Table 4.4: Pronunciation of the governorates of Iraq with a corresponding number of images.

” Word Nam(.e in Arabic Word Name. in English No. of images
Script Script
1. Alazy Baghdad 120
2, Ju Erbil 154
3. SP Dohuk 130
4, dia 50 conductor 140
= A8 Kirkuk 114
o B Anbar 170
7 ¢S S Karbala 180
8. e Najaf 140
0. Ji Babylon 130
10. 4l gl Diwaniyah 120
11. bt Sulaymaniyah 145
12. 8 il Basra 167
13. i) Double 189
14. N Diyala 145
15. B Dhi Qar 187
16. ol 7 3la Salahaddin 153
17. O Maysan 143
18. Ll Wasit 139
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4.4 The Preprocessing Results

The preprocessing stages are three basic stages that were fully explained in the
third chapter. These pre-processing steps are commonly used to improve image
quality, contrast, and compatibility for further analysis or classification tasks. The
specific results and their impact on the accuracy and quality of the system depend
on the data set, the specific pre-processing techniques applied, and subsequent steps
in the system or algorithm as a whole. Figure 4.1 shows an example of the images

that were produced after the steps of pre-processing words and face recognition.

e Converting an image from color to grayscale removes color information and
represents the image using shades of grey. The resulting grayscale image will
have a single intensity channel, where each pixel represents the overall brightness
of the corresponding pixel in the original image. This step can simplify
subsequent processing steps and reduce computational complexity.

e Histogram equalization redistributes the pixel intensities in an image to enhance
contrast. It stretches the intensity range to cover the full available range, which
can bring out finer details and improve the visibility of objects or features. The
resulting image will have improved contrast and may appear visually more
appealing.

e Resizing images involves changing the dimensions of the image while
maintaining the aspect ratio. The specific results will depend on the resizing
method used and the desired output dimensions. Still images are converted to size
20*20, while images excerpted from the video are converted to size 64*64, and

this is the appropriate size for the requirements of the designed models.
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Original image Grayscale image Histogram image

Figure 4.1: preprocessing steps on a word image.

4.5 The outcome of Feature Extraction

Extracting interested features is an important phase in the recognition and
classification of the system as discussed in chapter three, in which images are
analyzed and features extracted to use as inputs to the models, and based on these
features a decision is taken. This stage is implemented by using the LDA algorithm.
The output is a vector of features for each image. Table 4.5 shows a brief sample of
the results of the process of extracting features from images by applying the LDA
algorithm, where the column represents the category number, the row represents the
value of the features, and each line represents an image from the images within the
specified category.

Table 4.6 shows a subtracted sample of the features extracted from the segmented

frames of the video after applying the LDA algorithm.
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Table 4.5: Sample of Result of LDA apply images

class

al

-29.559
-37.216
-33.834
259974
224747
319718
273918
276682
374396
314439
328154
247907
-8.9901
24.9803
188232
246119
42.0409
42,0409
523548
5.64077
3.50445
8.07033
-29.274
-23.647
-8.8433

-6.449
-11819

-18.24
-11926
-12812
-17.758
-13.696
-6.3544
096131
-7.0348
-9.8858
-7.0862

al

7.28407
356388
-11.805
-18721
-23.301
-13315
-24.485
-19563
-20.09%
-35.828
-21.889
-4.3162
-28274
-6.4605
-6.2473
-11958
-17.698
-17.698
-212575
-15.243
200316
23.1459

23.834
267227
654597
267127
-0.6462
221065
893233
-11567
-3.9033
-4.4532
-17.961
-22.217
-16.802
6.17383
200842

a3

-23471
23998
8.46409
5621
-4.8446
17821
13311
0793
-1.1866
10.8532
2.99359
-9.567
23823
-13835
-19.503
-11.036
7.87101
787101
-36.045
-18828
-2.9608
-13.257
15.1134
36.9581
3.86341
-1.2636
1.90599
6.10057
10.4267
366853
455262
0.41705
0.80601
-1.0588
0.04363
8.69655
208733

a4

169525
447909
38312
289502
26.0388
278477
191587
415688
201528
-40414
106319
-11.924
235139
58155
10,5004
74041
135403
135403
-32.963
-32.704
-1.2766
-2.8867
39035
437848
605153
594415
105954
305501
13833
094236
735738
7.68725
203482
-19.625
13.6807
05614

-2972

a5

16.3583
-8.0618

1993
458817
456194
406396
407363
375579
277179
39.4167
385132
0.34666
20.4435

3.639
061547
051103
-18134
-18134
789731
100054
6.00329
16.6922
141161
03112
488483
171397
541941
120946
123698
124275
951518
9.04645
6.73839
3.17658
205358
13.0044
11.0575

a6
13.0072
-11553
10,6951
319572
145447
179585
218131
27.0767
26.8709
345707
23.5356
-8.5256
-20062
-8.5461
-3.8054
-9.9344
-7.1554
-7.2554
175551
259249
0.98107
5.28739
07148
12.2986
136571
25687
2532
13.1831
301
12 6481
118953
16.3837
255195
-29.122
17.3374
17.2361
159632

af

18.1649
5.44411
-4.7418
-88.908
-80.406
74384
-69.667
-B6.381
-74.28%
-25.433
-69.083
19.8947
-10.492
172776
242621
286709
121944
121944
253018

23612
9.56437

3
-10.747
-17.09
27211
5.35147
828718
199101
113751
951218
9.88557
113498
124877
9.16421
269758
9.56543
7.28568

a8

154101
317122
581491
340268
402171
26.1787
3074
20.066
7024
-4.483
20.996
-13.532
-16.509
-9.0877
-1.7953
-13.453
-25.991
-25.991
354059
-2.5061
-17.742
-6.1182
-15.394
-15.063
5.779
716234
-5.5856
-12.665
-17.744
-B7824
-17.384
-11.096
-12.745
-10417
-16.404
-8.3189
-12.623

a9

-9.0918
-9.7133
124835
-32393
-31.043
-21729
-27.109
-29.036
-25.387

-1756
-24.501

25358
-12331
244847
253271
144326
294528
2594528
-11702
-12994
45.0476
111545
-8.3038
-11.782
-2.3072
-7.2861
-7.0109
6.04545
216156
126619
217234
855643
8.90564
10.1404
129476
7.01606
501135

all

4.40249
5.02968
-10727
-17.911
-13.195

9919
-13.444
-13.869
-8.5625
-12.588
-9.8067
0.2255
2.14301
7.46761

11129
13.1069
-31.687
-31.687
-7.1468
-3.9186
139187

5.7435
-20.009
-16.103
259492
12.8706
17.7603
21.2784
14,0029
155951
18.79%6
13.3764
13.9965
8.25543
17.7881
11.3346

11538

all

312651
143199
90119
156666
284303
251457
17626
202419
25.1865
-22.289
154019
-11.203
-2.1252
-3.3624
-11.419
-7.6305
1793
17938
107835
86671
244317
2734
143638
227922
-14952
-16.684
-13.998
-9.4021
-4715
-7.6587
-14854
-10.848
-21.086
-13.988
-17.78
-1312
-12.227

al2

19.2949
24.0982
751517
145087
19.7554
109548
17.6657
145496
622716
16.2937
18.1955

3.2449
09842
441965
6.39896
-3.0622
-0.0385
-0.0385

-2839
-27.054

19.158
19.8744
-2.2545
-4.1619

4.0835

-4.241
-2.4798
162998
412912

13982
035104
-2.0658
411886
-15.201
42194
-0.4522
-7.6756

al3
3.24988
473882
-3.9209
508498
43.2034
45 6659
55.7068
416244
49.1546
22379
51.8879
125722
4.8338
-3.8617
-1412
13232
-5.6467
-5.6467
-4.9385
-7.4844
2066
253562
-1.709
-15.664
-3.3293
-6.7283
-1.7412
-8.3855
-8.8998
-7.5159
13092
-0.2256
-17.189
-11103
-135699
254785
-1.8188

2 E70

-13.684
-14779

ani

120921
155859

i

11.2554
15.1971

8.22983
111758
008

17.1068
6.07514
£2041

214234
151353
L3

138971
13532
155576

-12.674
-18.037
50

72127
181128

n

17.1638
19.3638
S E505

-12.339
-2072
10088

-14.112
-4.6895

1
4

4174

0223
7472
14

78
11

ald
288145
118768
184741
-14.683
-17.68
-17.154
16211
-16.386
-11.807
-5.6875
-3an
202252
537411
18713
12.8886
246245
-11654
-11654
307763
-48638
-15.946
-10.433
153573
-10.299
15.0298
9.81386
116512
142793
1147
127248
39685
257318
-0.8494
0.90833
11235
113244
122285
8187
7595
013

11,

7.29637

als

-8.4338
-8.2401
3.85756
835091
17.1871
834969
113314
427218
9.05519
-24.643
162279
-17.601
-7.6818
-17.651
-18.326
-15.694
175421
175421
302671
-18414
125437
202706
382227
-2.5729
357368
128148
5.09059
14654
106261
399723
147542
847775
597388
-22.905
19.4849
9.45708
599786
1051

178

alé

26.5856
168013
442778
122698
208809
450374
5.16802
439032
-3.0506
12222
2.36542
17.9042
17.6292
19.4864

17911
154723
-7.3453
-7.3453

16514
149338
13.1936
-10.126

4.0896
5.88465
533153
8.29409
832103
3.55495
582756
-16017
491515
9.08161
195779
415429
118062

18234
-6.3694

14222
-10.688
24235 inony

43258
102374

al7

5.33459
-13.434

-5.026
693334
7.47898
573106
751083
7.08561
4.08752
-28.3%2
5.78289
111152
-5.6487
151205
186756
188492
176993
176993
111824
124142
-4.0624
6.80087
-17.783
-12999
5.04071

15782

15993

781%6
170177
143678

10276
216651

9.1959
-19.582
193454

86347
5.94295

als

-10.251
-5.9709
-1.2193
-0.5405
-3.5531
-3.1342
-4.6486
-36745
-10.692
-3.4303
0.94698
173075
-18.418
-8.1588
-9.7269
75147
1707
1707
-11.455
-8.0773
262996
13.564
-17.834
-29.497
-6.3847
-7.8328
-2.0335
-8.1762
-6.4844
-80115
745
-1.7364
-11.801
9.45852
-8.8048
009828
-8.2597

175218
852949

49

alg a.
-6.4525
-1741
-22.941
948235
140493
140799
12.8023
125375
853247
-21984
125528
27016
-6.338
-1.4475
-4.9386
-13.22
6.50672
650672
425413
463128
15,7035
267102
-6.4927
740031
113866
-1.2848
0594
-12.658
-10.216
-18.217
-7.1602
-9.0202
6.20096
285244
-0.0156
-6.7579
-5.5152
-1318
46177

20 a.
7.10332
-1.5181
5.64595
10532
3.44104
957069
42712
228582
11.0649
3.68761
123313
8.68657
13.42%
139119
191217
1.06836
4.4013
44013
-4.2262
001854
-13314
-14.886
-10993
-19.363
-10832
177928
9.05763
-10438
-1.7508
50328
-10.48
4163
-3.4677
-11.808
6.2666
-6.36
-0.3604
109408
5.46889

Glie SIALE

21
154039
116481
37813
-17.394
-14815
-16.601
-43398
-6.0184
-6.1605
249012
-6.7632
7.36935
900113
12334
351331
744576
-15.535
-15535
063758
21774
222937
-7.624
-7.819
-28.648
005938
-3.2704
-5.3538
73133
-7.1205
-17968
520144
123493
125151
26.7986
126707
3.1672
6.59395
35622
970013
5335

a22

-14.475
212196
103814
8.44342

-6.7677

-13207

-2.3943

01983
10.0877
294186
493166

-6.3495
188172
288677
175057
857514

-0.5872

95872
285586
36.8898

-2.603
751023
43328

-8.9894

-4.9306

-1.8405

-4.543¢
130863

-3.2383

63205
5.05375
128148

-4.095

-6.2905

-18.482

-2.2884

-15.67

-13.092

-13.862

13018

a3

-45716
-15513
-2.4044
201819
135295
7.08215
049833
12,0811
492527
1.05524
9.26393
5.05911
5.59933
436761
-1.2353
-25222
-13.396
-13.396
-9.9921
-9.2892
221378
-16.693
411762
-14504

87902
3.70897
-17158
23,6266
747147
146214
16.0345
9.14449
13.2708
10.4662
5.99527
3.13436

-6.144
-13.281
119812
24261

a4

-2.0855
117815
-13.783
076073
128563
140356
862224
497187
12,8065
6.48165
161172
81724
-25.849
51155
-3.2889
-8.3617
119023
119023
303724
348042
-22.768
31739
-11537

-5.438
-4.3881
-18228
-4.3255
-13.273
-6.9365
-17.443
54262
-13.147
-3.3862
-17.201
0.64897
-1201
11257
-10.106
-9.2935
L5176

a25

9.88703
6.5664
3.2933
-146
-23.499
-18.182
-20.988
-22.065
-15.301
1759
-12.768
111452
3.55697
126619
8.20689
79136
-7.2185
-7.2185
-18.442
-10528
8.18082
-6.1124
007159
-3.4766
104736
16.0831
144084
241194
205964
231411
203966
335696
18517
-27.643
21.1652
19.2966
255304
272175
26.639
4390

a26

17.9802
283322
163861
207523
208477

63941
926303
27.2794
18.1548

-16.09
11.2465
537094

-1751
-3.1828
20.9066
732772
-17.844
-17.844
-2.8105
-8.1275
142027
10.7466
-18.281

-33.54

81902
116371
13.8237
364712
074322
950959

36705
104237
-0.0658
460516
384548
142271
119473
107291
165178
124241

a7
21071
-14.702
968968
-1.9458
-10317
-5.5301
51378
-6.1812
-9.5358
-19.083
-11691
-10.681
-18.698
-1.7466
5.99964
173166
-4.7011
47011
-33838
13704
24.7165
10446
3.02516
120744
297631
6.07281
105431
-0.5659
-1.0448
088224
00298
7.49317
10.1405
-11.448
13.0986
881113
181672
968251
-1.3506
2071

az8 a29 a30
113145 43676 154372
175574 356576 16.1638

446588 -16.459
158414 513143

2166678
18.0988
131336
113435
692135
236309
6.66873
148095

18.106
188272
187933
218143
-18.436
-18.436
24291
-21.385
274372
112896
5.05474
54732
-85335
-7.2295
73732
-7.1475
190188
24218
157204
-2.1601
26142
-8.6053

154658
12571
95726
-7.0337
-13.568
-28.466
-15.241

120189
-17524

11.3809

864495

103014
-6.0701
-6.0701
-41179
-10.349

104099
-1.9797
-6.7073

-295

3.49575

279178

3.08451
-0.0682
-1.4125
-1.2674

406062
-3.9346
-3.0807
-20.647

-10.234

22591

1134
-5.5608
71227
-28718
250706
0.10038
0.79436
109769
-2.0307
4.29879
-0.8563
822599
-4.1633
-4.1633
-6.6055
37833
7.05475
0.1766
-30198
-0.2511

87404
6.20043
6.36681
17.3174
16.1958
181957
19.1299
133336
4.04436

6.8947

107258 050765 100793

-0.1705
3.84879
-2.0572

96351 219664 15.6447

S 116R

-8.3928 145355
-29128 17.1771

a3l

133359
3.07927)
428744

23524
-0.3584)
537159

36419

79798}
14,4444
-10.48))
115293
-11.689)

14172
-8.682]]
-14.164)
-11.843)
105744
105744
-4.7845)
55978
0.44344)
24.8694)
-8.9177)
-12.243)
21644
-11.63§)
-17.856)

-20.49)
-11.78)
-11.504)
-6.0857)
-3.7429)
-15.06])
3.71289
-4.037Y
-16.67§
-16.524)
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Table 4.6: Sample of Result of LDA apply frame from videos
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4.6 The Implementation of the Models

The results of the ArSL image-based recognition system are explained in detail
in this section. A variety of processes are carried out using the system models, and
every phase is carefully explained and assessed. Testing can be performed to
determine the way the suggested models perform and to confirm the viability of the

concept.

4.6.1 The Results of the LDA-CNN Alphabet Model

The LDA-CNN model is implemented to find the best performance by selecting
a different number of epochs that can be used to increase detection accuracy. Results
are shown in Table 4.7. Although the accuracy is very close when the number of
epochs is between 100 and 150 it is preferable to use the number of epochs equal to
150, which gives very good results.

Based on the results provided in Table 4.7, the performance of the LDA-CNN
model is observed on two different datasets, namely Datasetl and Dataset2, for
different numbers of epochs. These datasets include for alphabet consisting of 32
letters. Datasetl is standard data consisting of 5400 images, while Dataset? is

aggregated data consisting of 2600 images.
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Table 4.7: The Effect of epoch numbers on the detection accuracy.

LDA-CNN Model

Name of Processin AcCUrac Loss. process
dataset g y function Time
Training 0.67 1.158
Datasetl 26.0s
Testing 0.70 1.065
10
Training 0.38 2.66
Dataset? 1.678s
Testing 0.37 2.54
Training 0.95 0.152
Datasetl 27s
Testing 0.94 0.173
50
Training 0.95 0.105
Dataset?2 1.766s
Testing 0.95 0.099
Training 0.96 0.103
Datasetl 26s
Testing 0.97 0.0985
100
Training 0.94 0.075
Dataset? 1.635s
Testing 0.95 0.074
Training 0.998 0.0035
150 Datasetl 27s
Testing 0.999 0.0025
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For the Datasetl, the model achieves an accuracy of 67% after 10 epochs during
the training phase, with a corresponding loss function value of 1.158. In the testing
phase, the accuracy improves to 70% with a reduced loss function value of 1.065.
As the number of epochs increases to 50, the model's performance improves
significantly, reaching an accuracy of 95% in both training and testing, with lower
loss function values of 0.152 and 0.173, respectively. The accuracy further increases
to 96% and 97% in the training and testing phases, respectively, after 100 epochs,
with reduced loss function values of 0.103 and 0.0985. Finally, after 150 epochs, the
model achieves an impressive accuracy of 99.8% during training and 99.9% during

testing, with extremely low loss function values of 0.0035 and 0.0025.

For Dataset2, the LDA-CNN model exhibits lower performance compared to
Datasetl. After 10 epochs, the model achieves an accuracy of 38% during training,
with a loss function value of 2.66. In the testing phase, the accuracy slightly drops
to 37% with a loss function value of 2.54. As the number of epochs increases, there
is a gradual performance improvement. After 50 epochs, the accuracy increases to
95% in both training and testing, with reduced loss function values of 0.105 and
0.099, respectively. Similar trends can be observed after 100 epochs, where the
model achieves an accuracy of 94% in training and 95% in testing, with lower loss
function values of 0.075 and 0.074. Finally, after 150 epochs, the model achieves an
accuracy of 99.4% during training and 99.5% during testing, with a loss function
value of 0.075.

The summary, the results indicate that increasing the number of epochs generally
leads to improved performance in terms of accuracy and reduced loss function values
for both datasets. The model performs better on Datasetl in comparison Dataset2,

achieving higher accuracy and lower loss function values. It is also worth noting that
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after 150 epochs, the model demonstrates impressive accuracy rates, particularly on
Datasetl, suggesting that it has effectively learned the patterns and features of the
sign language gestures in the images.

In deep learning, the learning rate is a hyperparameter that controls how much
the weights of the model are updated with each iteration during training. It is an
Important parameter to tune, as a too-high or too-low learning rate can result in slow
convergence or even divergence of the training process.

To determine the best learning rate for a specific model, it is common practice
to perform multiple experiments with different learning rates and evaluate the
performance of the model on a validation set. The learning rate that gives the best
accuracy or lowest loss on the validation set is usually selected as the optimal
learning rate.

Table 4.8 summarizes the findings of an experiment to determine the best
learning rate for a particular model on two different datasets. It shows that a learning
rate of 0.001 gave the best accuracy for both datasets. It is important to note that
increasing the learning rate beyond this optimal value may result in a decrease in
performance and longer run time.

Therefore, selecting the appropriate learning rate is crucial for achieving good
performance of the model while avoiding excessive training time. The optimal
learning rate can depend on various factors such as the dataset, the complexity of the
model, and the optimizer used, and it is often determined through trial-and-error

experimentation.
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Table 4.8: The Testing Accuracy vs. Learning Rate.

Initial Learning Rate
Dataset
0.01 0.001 0.0001
Datasetl 33 96 64
(0)
EBLIE) Dataset2 31 95 %

Table (4.8) shows the results of implementing an LDA-CNN model for
recognizing individual Arabic letters, trained for 100 epochs with a batch size of
1024. This table displays the accuracy of the model on each individual letter, as well
as the processing time for each batch of 1024 letters.

The processing time of 0.635s refers to the time it takes to process one batch
of 1024 letters. This is an important metric as it determines how quickly the model
can be trained on large datasets. The processing time can depend on various factors
such as the hardware used, the complexity of the model, and the size of the input
data.

By analyzing the accuracy results in Table 4.9, it is possible to evaluate the
performance of the LDA-CNN model for recognizing individual Arabic letters. It is
important to display the results of a classification model on multiple classes. It shows
the precision, recall, and F1-score for each class, as well as the support number of
samples for each class, it is a count of the number of true instances of the class in

the test set.
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Table 4.9: An Individual Sign for Arabic Letters

CNN ALPHABET

Name of class  precision recall fl-score support
| 0.99 0.93 0.96 2114
o 0.98 0.94 0.96 1343
& 0.99 0.96 0.97 1672
& 0.93 1.00 0.96 1791
z 0.98 0.97 0.98 1634
z 0.96 0.96 0.96 1723
¢ 0.99 0.95 0.97 1670
> 0.97 0.98 0.98 1955
A 0.96 0.95 0.96 1705
B 0.99 0.97 0.98 1977
B 0.91 0.98 0.95 1592
o 0.95 0.98 0.97 1526
Y 0.93 0.99 0.96 1552
) 0.99 0.97 0.98 1774
) 0.95 0.96 0.96 1607
b 0.98 0.97 0.98 1746
b 0.95 0.98 0.96 1832
3 0.99 0.96 0.98 1765
3 0.97 0.96 0.97 1819
G 0.97 0.96 0.97 1659
&3 0.97 0.97 0.97 1895
| 0.98 0.98 0.98 1638
J 0.97 0.99 0.98 1507
IS 0.90 0.98 0.94 1816
O 0.96 0.98 0.97 1838
9 0.97 0.95 0.96 1766
0 0.97 0.97 0.97 1582
é 0.97 0.97 0.97 1791
8 0.99 0.97 0.98 1371
JI 0.98 0.96 0.97 1722
B 0.98 0.96 0.97 1293
I 0.98 0.96 0.97 1374

accuracy 0.97 54049
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4.6.2 The Results of LDA-ML Alphabet/Words Model

Based on the information provided, it shows that Table 4.10 presents the results
of testing various machine learning algorithms on the Alphabet dataset, and displays
the F1 score, recall, precision, and accuracy for each algorithm across all classes. It
Is being used to compare the performance of each ML algorithm on the dataset and

to determine which algorithm is the most effective.

Table 4.10: The LDA-ML model's implementation measurements.

Model Accuracy Precision Recall F1 score
DT 0.45 0.45 0.45 0.45

KNN 0.86 0.87 0.86 0.86
RF 0.78 0.78 0.78 0.78
NB 0.50 0.50 0.50 0.50
SGD 0.50 0.49 0.50 0.44

Table 4.11 and Table 4.12 present the results of accuracy and precision,
respectively, for implementing machine learning algorithms on a different number
of datasets. These data include various letters and words, and these images are either
Images or videos that have been pre-processed. Figure 4.2 and Figure 4.3 show the
graphical representation of the accuracy and precision ratios, respectively. It is

demonstrated that, out of the five possible algorithms, k-NN is the most effective.
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Table 4.11: The LDA-ML model's accuracy.

Accuracy %
No. of Dataset
NB k-NN DT RF SGD
Dataset1 50 86 45 78 44
Dataset2 55 89 50 80 50
Dataset3 54 87 51 79 52

SGD

RF

DT

ACCURACY

KNN

NB

0% 20% 40% 60% 80% 100%

= Dataset.3 m Dataset.2 m Dataset.1

Figure 4.2: Accuracy of the LDA-ML Model
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Table 4.12: The LDA-ML model's precision.

Precision %
No. of Dataset
NB k-NN DT RF SGD
Dataset1 55 89 50 76 40
Dataset2 55 85 50 78 50
Dataset3 54 87 51 79 52
SGD
RF
e
o
(7))
o) DT
[NN]
[a's
[a
KNN
NB
0% 20% 40% 60% 80% 100%
" Dataset.3 m Dataset.2 m Dataset.1

Figure 4.3: Precision of the LDA-ML Model

Through the previous results of implementing the LDA-ML model, it is noted

that there are differences in the performance of the machine learning algorithms,

because the image lighting, background, video quality, hand geometry, skin color,

etc. are just a few of the variables that can affect the validity of the interpretation.
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For this apply implemented Linear Discriminant Analysis for trait vector extraction
(used as input for the five classification algorithms) because it is insensitive to
differences in illumination, hand position, and hand rotation and rotation.

Based on the results provided in this table, we can observe the testing
performance of different models, namely Decision Tree (DT), k-Nearest Neighbors
(KNN), Random Forest (RF), Naive Bayes (NB), and Stochastic Gradient Descent
(SGD). The evaluation metrics used to assess the models include accuracy,
precision, recall, and F1 score.

The summary, the KNN model demonstrates the highest accuracy among the
models, indicating its effectiveness in correctly classifying the test samples. The RF
model also performs reasonably well with a balanced accuracy, while the DT, NB,
and SGD models show lower accuracy scores, indicating the need for further
Improvement. It is important to note that the evaluation metrics may vary depending
on the specific dataset and problem being addressed, so further analysis and
comparison with other metrics would provide a more comprehensive understanding

of the models' performance

4.6.3 The Results of Face-CNN Model

The 1DCNN model for classification and the facial features extracted using the
Viola-Jones technique are combined in this model. Only the lips, which have 18
distinct features and are categorized according to how they express motions and
words, are employed as special facial features.

Experiments revealed that by combining the IDCNN model and the Viola-Jones
algorithm, the new model is more effective and accurate at identifying the motions
of words produced by the lips. It is crucial to keep in mind that the success of this

strategy will depend on the caliber and volume of the training data as well as the
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precise features that the Viola-Jones algorithm extracts. Table 4.13 shows the
accuracy of the 1DCNN during training for several periods. Table 4.14 shows the

feature-by-feature accuracy.

Table 4.13: The Face-CNN model's implementation measurements.

Model CNN for face
No. of Epoch —
Accuracy Precision Recall F1 score
10 78.0 0.83 0.78 0.79
50 96.9 99.8 90.0 95.0
100 99.9 99.0 99.0 99.0

Table 4.14 The Face-CNN model's

Landmarks for face 1DCNN
Features precision recall fl-score support

0 0.87 1.00 0.93 47
1 1.00 1.00 1.00 58
2 1.00 1.00 1.00 31
3 1.00 0.94 0.97 54
4 0.88 1.00 0.94 37
5 1.00 1.00 1.00 76
6 1.00 1.00 1.00 38
7 1.00 1.00 1.00 63
8 1.00 1.00 1.00 97
9 0.92 1.00 0.96 72
10 1.00 0.76 0.86 45
11 0.93 1.00 0.96 41
12 1.00 1.00 1.00 38
13 1.00 1.00 1.00 92
14 1.00 1.00 1.00 40
15 1.00 0.88 0.94 58
16 1.00 1.00 1.00 67
17 1.00 1.00 1.00 51
accuracy 0.98 1036
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4.6.4 The Results of Hybrid CNN-ML Model

This hybrid model is a combination of 1IDCNN implementation with machine
learning algorithms. To clarify the results of the system, the implementation results
are presented separately for each stage of the work. Table 4.15 shows the
implementation of the results of the 1IDCNN for gesture classification. Table 4.16
shows the results of implementing machine learning algorithms NB, DT, and RF in

gesture classification.

Table 4.15: The Results of IDCNN in the classification of gestures

Model CNN
No. of Dataset .
Accuracy Precision Recall F1 score
Datasetl 98.9 97.9 97.8 98.8
Dataset2 97.8 96.9 95.9 96.3
Dataset3 98.8 97.8 96.8 97.2

Table 4.16: The accuracy of Machine learning algorithms for gesture classification.

Accuracy %
No. of Dataset
NB DT RF
Dataset1 55 50 76
Dataset2 55 50 78
Dataset3 54 51 79

Table 4.15 represents the implementation of the IDCNN on three types of data.
The results are somewhat high-performance, but during processing in the testing

phase there is a delay of approximately 0.26 ms, and this causes a problem during
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the translation of the video, as the translation is not synchronized with the

movement.
Table 4.16 shows the results of implementing the classification algorithms in

which the accuracy is somewhat low, but the processing time is fast.
Therefore, the new results in Table 4.17 and Figure 4.4 are the outputs of the

implementation of the hybrid model.

Table 4.17: The Hybrid CNN-ML model's implementation measurements.

F1 score %
No. of Dataset
CNN-NB CNN-DT CNN-RF
Dataset1 95.7 99.9 99.9
Dataset2 98.9 99.7 99.8
Dataset3 98.8 99.6 99.8

M Dataset.3 MW Dataset.2 M Dataset.1

RF

DT

F1 score

NB

95 96 97 98 99 100 101

(o)
w
(o]
e

Figure 4.4: F1-score of the Hybrid CNN-ML.
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Table 4.17 represents the implementation measurements of a Hybrid CNN-ML
model using different machine learning algorithms (Naive Bayes, Decision Tree,
and Random Forest) to classify the outputs of a CNN model. The F1 score, which is

a harmonic mean of precision and recall, is used as the performance metric.
Let is discuss this table and its implications:

The different datasets represent the features of letters and words to which the
Hybrid CNN-ML model was applied. This difference helps distinguish the different

data sets used for testing and evaluation.

e CNN-NB: The Hybrid CNN-ML model with the Naive Bayes algorithm.

e CNN-DT: The Hybrid CNN-ML model with the Decision Tree algorithm.

e CNN-RF: The Hybrid CNN-ML model with the Random Forest algorithm.

It indicates that the Hybrid CNN-ML model performs well across all three
datasets, with consistently high F1 scores for all machine learning algorithms. In
Datasetl, the CNN-DT and CNN-RF combinations achieve particularly high F1
scores of 99.9%. Dataset.2 also demonstrates high F1 scores, with the CNN-DT and
CNN-RF combinations performing well at 99.7% and 99.8% respectively. Dataset.3

maintains a similar pattern, with F1 scores ranging from 98.8% to 99.8%.

¢ Overall Performance: The hybrid model consistently performs well, with F1
scores ranging from 95.7% to 99.9%. These scores indicate that the model

achieves a high balance between precision and recall for each dataset.

e Comparison of Algorithms: When comparing the machine learning
algorithms, CNN-DT and CNN-RF consistently achieve higher F1 scores than
CNN-NB. This suggests that decision tree and random forest algorithms
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provide better performance when combined with the CNN model for these

datasets.

¢ Potential Overfitting: It should be noted that the F1 scores are very close to
100% for some combinations of the hybrid model and machine learning
algorithms. While this indicates high performance, it may also indicate the
possibility of overfitting, as the model performs exceptionally well on training

data but within epochs of 150 which is the stability limit of the network.

In summary, the Hybrid CNN-ML model achieves high F1 scores across the
dataset, with the combination of CNN and decision tree or random forest algorithms
demonstrating strong performance. However, it's important to further validate the
model's generalization capability and guard against potential overfitting when
applying it to new and unseen data. It is regarded as successful when the time it takes

to recognize a gesture is between 0.15 and 0.25 seconds.

99.5
99 983 9338 988  gg -
98.5
08
97.5
97
96.5

96

95.5

Accuracy Precision Recall F1 score

M Dataset.1 W Dataset.2 M Dataset.3

Figure 4.5: F1-score of the Hybrid CNN-RF.
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Figure 4.5 shows the performance measures of the hybrid model CNN with RF
that is specifically applied to the features of word gestures extracted from video
clips.

Table 4.18 shows the performance evaluation during the implementation of the
DT algorithm with CNN for each class, where each class represents a word of Arabic
sign language. Table 4.19 displays the outcomes of using the algorithm NB and
CNN. Table 4.20 illustrates RF and CNN algorithms' findings. This is contributing

to distinguishing the classes in each gesture.

Table 4.18: The Outcomes of DT and CNN for each class in words dataset

CCN&DT

No. of class precision recall fl-score support

1 1.00 1.00 1.00 102
2 1.00 1.00 1.00 75
3 1.00 1.00 1.00 102
4 1.00 0.99 0.99 91
5 0.99 1.00 1.00 139
6 1.00 1.00 1.00 66
7 1.00 1.00 1.00 75
8 1.00 1.00 1.00 167
9 1.00 1.00 1.00 130
10 1.00 1.00 1.00 65
11 1.00 1.00 1.00 167
12 1.00 1.00 1.00 84
13 1.00 1.00 1.00 95
14 1.00 1.00 1.00 60
15 1.00 1.00 1.00 123
16 1.00 1.00 1.00 92
17 1.00 1.00 1.00 144
18 1.00 1.00 1.00 104
19 1.00 1.00 1.00 167
20 1.00 1.00 1.00 114
21 1.00 1.00 1.00 90
22 1.00 1.00 1.00 84
23 1.00 1.00 1.00 68
24 1.00 1.00 1.00 105
25 1.00 1.00 1.00 44
26 1.00 1.00 1.00 54
27 1.00 1.00 1.00 115
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28
29
30

accuracy

1.00 1.00 1.00 40
1.00 1.00 1.00 72
1.00 1.00 1.00 33

1.00 2867

Table 4.19: The Outcomes of NB and CNN

CNN&NB

No. of class

O Jo U1l Wb

Ne)

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

accuracy

precision recall fl-score support

0.76 1.00 0.87 78
0.85 0.91 0.88 70
0.90 0.93 0.92 99
0.83 0.82 0.83 91
0.85 0.89 0.87 134
0.79 0.88 0.83 59
0.85 0.90 0.88 71
0.98 0.73 0.84 222
0.71 0.96 0.81 96
0.92 0.59 0.72 102
0.82 0.81 0.81 170
0.92 0.83 0.87 93
0.88 0.98 0.93 86
0.90 0.87 0.89 62
0.85 0.95 0.90 110
0.87 0.92 0.89 87
0.97 0.89 0.93 156
0.76 0.92 0.83 86
0.95 0.89 0.92 177
0.89 0.91 0.90 112
0.91 0.86 0.89 95
0.90 0.92 0.91 83
0.87 0.91 0.89 65
0.93 0.95 0.94 103
0.91 0.89 0.90 45
0.91 0.91 0.91 54
0.97 0.95 0.96 118
0.88 0.92 0.90 38
0.92 0.89 0.90 74
0.76 0.81 0.78 31
0.88 2867
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Table 4.20: The Outcomes of RF and CNN

CNN&RF

No. of class precision recall fl-score support

1 1.00 1.00 1.00 102
2 1.00 1.00 1.00 75
3 1.00 1.00 1.00 102
4 1.00 0.99 0.99 91
5 0.99 1.00 1.00 139
6 1.00 1.00 1.00 66
7 1.00 1.00 1.00 75
8 1.00 1.00 1.00 167
9 1.00 1.00 1.00 130
10 1.00 1.00 1.00 65
11 1.00 1.00 1.00 167
12 1.00 1.00 1.00 84
13 1.00 1.00 1.00 95
14 1.00 1.00 1.00 60
15 1.00 1.00 1.00 123
16 1.00 1.00 1.00 92
17 1.00 1.00 1.00 144
18 1.00 1.00 1.00 104
19 1.00 1.00 1.00 167
20 1.00 1.00 1.00 114
21 1.00 1.00 1.00 90
22 1.00 1.00 1.00 84
23 1.00 1.00 1.00 68
24 1.00 1.00 1.00 105
25 1.00 1.00 1.00 44
26 1.00 1.00 1.00 54
27 1.00 1.00 1.00 115
28 1.00 1.00 1.00 40
29 1.00 1.00 1.00 72
30 1.00 1.00 1.00 33
accuracy 1.00 2867
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4.6.5 The Results of the VGG-16 Models

4.6.5.1 The Two-Dimensional VGG-16 Model

This section describes the results of the model for the building of the
classification gestures for Arabic words using the VGG-16 for the two-dimensional
model.

In this case, the data entered after the pre-processing process is used before the
process of applying the LDA algorithm for feature extraction. The VGG-16 model
receives images as input to the model to classify the extracted features into ASL.

Figures 4.6 and 4.7 depict the classification accuracy and loss rate report,
respectively. As seen in the results, miss-classification is low leading to high
accuracy. The performances in this section are obtained utilizing the data split into
two parts during training: 70% and 30%. Training of the model is performed using

50 epochs. At the test phase, the obtained accuracy rate is 88% and the error is 0.335.

Training and validation accuracy

0.09 - —
- - Training acc

- — “alidation acc
0.08 A

0.07 +

0.06 -

0.05

0.04

0.0317 w» L] -

0.02 A -
0 10 20 30 40 S0

Figure 4.6: The accuracy for two dim VGG-16.
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Training and validation loss

3.60 4 * ® Training loss
—— VWValidation loss

3.55 4

3.50 4

3.45

3.40

3.35 4

3.30 1

Figure 4.7: The Loss function for two dim VGG-16.

4.6.5.2 The One-Dimensional VGG-16 Model

In this part, an ASL words and letters dataset is utilized to construct the model,
using a one-dimensional VGG-16 network. The model utilizes the features extracted
from each hand image after applying the LDA algorithm. The VGG-16 network is
modified to have a one-dimensional structure and is applied to two types of data:
letter data and word data. The design of this model is similar to other models
proposed earlier in the text. The model is trained for 100 epochs and the results are
fixed after some processing.

In Table 4.21, the performance evaluation is shown for each category, where
each category represents a letter of the Arabic sign language. Table 4.22 the results
are shown for a dataset, where there is a clear decrease compared to the results of
our previously designed models, in addition to the training time and the test time

being longer.
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Table 4.21: The Outcomes of the VGG-16 model

No. of Dataset Model VGG-16 One Dim

Accuracy | Precision Recall F1 score

Datasetl

91.0 92.0 91.0 91.0
(Alphabets)
Dataset3
44.0 36.0 44.0 39.0
(Words)
Table 4.22: The Outcomes VGG-16 models for alphabet class

Name of class precision recall f1-score support
i 0.83 0.94 0.88 195
o 0.85 0.77 0.81 136
o 0.95 0.90 0.93 183
& 0.90 0.94 0.92 182
z 0.98 0.94 0.96 187
= 0.93 0.93 0.93 170
: 1.00 0.96 0.98 144
3 0.80 0.66 0.72 178
3 0.89 0.78 0.83 147
3 0.91 0.94 0.93 229
3 0.96 0.89 0.93 152
o 0.97 0.94 0.95 149
e 0.97 0.80 0.88 159
o 0.94 0.94 0.94 180
o3 0.94 0.94 0.94 186
I 0.82 0.99 0.89 168
b 0.97 0.89 0.93 165
£ 0.97 0.92 0.95 161
g 0.88 0.86 0.87 162
3 0.95 0.99 0.97 178
3 0.95 0.76 0.84 188
) 0.95 0.91 0.93 172
J 0.90 0.95 0.92 157
p 0.92 0.96 0.94 170
O 0.92 0.94 0.93 198
5 0.83 0.92 0.87 179
a 0.96 0.99 0.97 151
= 0.94 0.94 0.94 162
3 0.99 0.99 0.99 153
Ji 0.71 0.92 0.80 179
o 0.91 0.99 0.95 139
& 0.97 0.99 0.98 146
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4.7 Comparison of the Results of Various Models

It is important to note that the performance of these models can vary depending
on the specific dataset used, the number of classes, and other factors such as lighting,
hand position, and rotation. Therefore, it is important to carefully evaluate the results
and consider the limitations of each study.

Table 4.23 shows a comparison of the accuracy rates achieved by different
models for Arabic Sign Language (ArSL) recognition, using various datasets. The
comparison may include models with their corresponding accuracy rates. This table
may also indicate whether the models were tested on the standard ArSL2018 dataset

or other datasets.

Table 4.23: Evaluation in light of prior research

Index Model Accuracy Dataset for alphabets
= ResNet-18 [80] 93% ArSL2018
2 CNN [81] 96.4 ArSL2018
3 CNN [32] 92.9 ArSL2018
4 CNN [82] 88.87 ArSL2018
> LDA-CNN Model 99.98% ArSL2018
1 CNN Model [83] 90% Collected Dataset
2 PCNN [84] 90.4 Collected Dataset
3 ANFIS networks [85] 93.55 Collected Dataset
4 R-CNN [80] 93 Collected Dataset
5 CNN [83] 90 Collected Dataset
6 LDA-CNN Model 98.57 Collected Dataset
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The second comparison involved experiments that also included ArSL words
and extracted words from images or videos with LDA-ML and LDA-CNN models.
The outcome is shown in Table 4.24. The goal of this comparison was to evaluate
the performance of the LDA-ML and LDA-CNN models in recognizing ASL words
from images or videos.

In this comparison, the LDA-ML model achieved an accuracy of 96.89%, while
the LDA-CNN model achieved an accuracy of 98.57%. The results suggest that the
LDA-CNN model is more effective in recognizing ASL words from images or

videos compared to the LDA-ML model.

Table 4.24: The Evaluation in light of Arabic sign language words.

Index Model Accuracy Dataset for words
1 CNN Model [19] 88.87 10 Arabic words
2 Geometric Features [11] 97.0 30 isolated words

Decision Tree & ]
3 ) 93.7 42 Arabic gestures
Bayesian Network [17] g

6 LDA-ML Model 96.89 80 words

7 LDA-CNN Model 98.57 80 words

The third comparison is made between all models in this dissertation, depending
on a Mean Squared Error, Root Mean Squared Error, and Mean Absolute Error. The
error in statistical models is measured by a statistic called the mean squared error
(MSE). To do this, it calculates the average squared deviation between the observed

and projected values as shown in Table 4.25. The MSE is considered to be "zero"
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when there are no mistakes in the model. The worth of a model's inaccuracy goes up
as it grows larger. Table 4.26 explains the compression process time for all models

during testing time.

Table 4.25: The Evaluation of models of Arabic sign language.

index Model MSE RMSE | MAE
L LDA-CNN of alphabet 5645 | 2376 | 0354
2 LDA-CNN of Word 1.965 1.402 0.200
3. Hybrid CNN-ML 0.055 0.236 0.009
4. Face-CNN 1.885 1.373 0.159
. VGG-16 ID 11.806 3.436 1314
6. VGG-16 2D 332.06 18.22 2.897

Table 4.26: The Evaluation of the testing process.

index Model Testing time Acc.
L LDA-CNN of alphabet 1.711ms 0.98
2 LDA-CNN of Word 1.734ms 0.97
3. Hybrid CNN-ML 0.711ms 0.99
4. Eace-CNN 3.5ms 0.97
5 VGG-16 ID 1.10ms 0.94
it VGG-16 2D 5.2ms 0.88
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4.8 Interfaces for System Implementation

As previously stated in Section 3.8, the implementation of the real-time system
relies on two models: the hybrid CNN-ML model and the Face-CNN model. These
models are utilized to achieve optimal performance in terms of accuracy and timing,

with the system output dependent on the real-time video threshold.

"Threshold" refers to a value or threshold that is used to define the parameters
for a particular event or process that occurs in processing. The threshold in this
system is the point at which the system initiates a specific action or output,

depending on the hybrid model or face model.

The resulting Figure 4.8 is based on the CNN-ML model, where the translation
appears during the movement of the hands, while in Figure 4.9, the translation

appears depending on the Face-CNN model before the movement of the hands.
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Figure 4.8: The proposed system's GUI.
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Figure 4.9:‘The proposed system's recognition phase.
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Chapter Five Conclusions and Future Work Suggestions

5.1 Conclusions

In this dissertation, Convolutional Neural Networks, Machine Learning
algorithms, and Viola-Jones algorithms were used to detect and classify Arabic sign
language through the use of images and videos. Comparing the finding with other
approaches using 1IDCNN and machine learning, our final model achieved optimal
performance and reached an accuracy of more than 99.9%. It is possible to reach
100% accuracy if the number of epochs is increased to 150, but this will increase the
system compact. We conclude that IDCNN will work perfectly for object detection
and classification. In the light of the results obtained, the study concluded the

following: -

1. The proposal for interpreting Arabic sign language using a one-dimensional
convolutional network (1DCNN) system is effective in identifying and
distinguishing words with high performance and fast execution time, through the
combination of machine learning algorithms, deep learning, and an algorithm for
recognizing facial cues.

2. This system employs a 1D convolutional network, which is well-suited for low-
cost real-time applications due to its low computational demands. This is
particularly advantageous for portable or mobile devices. In contrast, training
deep 2D CNNs often necessitates specialized resources such as cloud computing
or GPUs. However, training 1IDCNNs with multiple hidden layers and neurons

on a standard computer is both feasible and relatively fast.
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3. The CNN component of the model is responsible for extracting relevant features
from the input data. CNNSs are particularly effective in image analysis tasks, as
they can learn hierarchical representations of visual patterns. In this case, the
CNN likely processes visual representations of Arabic alphabet signs and extracts
meaningful features that capture important characteristics for classification. On
the other hand, ML algorithms like decision trees or random forests are known
for their classification capabilities. These algorithms use the extracted features
from the CNN as input and make predictions about the class labels of the input
data. The combination of CNN and ML in the Hybrid CNN-ML model leverages
the speed of CNN for feature extraction and the efficiency of ML algorithms for
classification. By combining the strengths of Convolutional Neural Networks
(CNN) for feature extraction and Machine Learning (ML) algorithms like
decision trees or random forests for classification, this model achieves high F1
scores across the dataset.

4. To preserve the temporal information of a video, it is crucial to avoid treating it
as a single continuous stream of frames. Instead, it is recommended to implement
segmentation based on specific features or characteristics of the video. For
example, in the context of sign language, segmentation can be based on stop
motion, which can be used as a transition point to another gesture while speaking.
By dividing the video into smaller periods based on these transitions, the
temporal information of the video can be preserved and analyzed more
effectively. This approach allows for a more accurate analysis of changes over
time and can provide insights into patterns and trends that may not be apparent
when analyzing the video as a whole. Therefore, in this dissertation, segmentation
based on stop motion was implemented as a way to represent the video as a time

series and preserve its temporal information.
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In conclusion, the identification of Sign Languages and Arabic Sign Language
(ArSL) was studied, this was performed using several types of classifications as well
as, using different gestures and signs in ArSL. The proposal focused on using various
datasets, including letters and words, either as images or video clips. It also used
multiple algorithms by combining them. It achieved results, high performance, and
speed with good gesture translation. The output of the proposed system is an Arabic
text obtained through the detection of Arabic sign language. Moreover, the solution

presented here would be excellent for people with disabilities.
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5.2 Future Work Suggestions

There are some future work suggestions to further develop the performance and

efficiency of this work for Arabic sign language recognition and translation:

1. Exploring multi-feature attributes: Investigating additional sign language
attributes beyond hand gestures, such as human body movements and facial
expressions, can contribute to more accurate and nuanced sign language
recognition. Continuous body motion, for example, can be utilized to
determine the resolution of the signal and provide more context for accurate
translation. Considering a multi-modal approach that combines various
features and modalities can lead to a more comprehensive and robust system
for sign language recognition and translation.

2. Building a broader dictionary: Expanding the dictionary to include a larger
set of Arabic words and signs would enhance the translation capabilities of
the model. Collecting data from video clips or images of different signs
performed by a diverse group of sign language users can help in achieving a
more comprehensive and representative dataset. This would allow the model
to recognize and translate a wider range of Arabic sign language gestures and
improve its usability for real-world applications.

3. Online application with video broadcast: Implementing the proposed model
online with video broadcast capabilities would enable real-time sign language
recognition and translation. This would make it accessible to a larger user base
and provide a practical tool for communication between sign language users
and non-sign language users in online platforms, video conferences, or other

digital communication channels.
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