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Abstract

Due to the increasing number of people suffering from hearing impairment in Arab
countries, automatic sign language translation has become a pressing necessity to
reduce the gap between hearing impairment people and the community, hence
minimizing their isolation. In this paper, we provide a new proposal for an Arabic
Sign Language (ArSL) detection and recognition system capable of localizing and
recognizing ArSL alphabets via a merge of features extracted using a Linear
Discriminant Analysis (LDA) algorithm and a one-dimension Convolutional Neural
Network (CNN), which is a new method to our knowledge. The important parameters
used in this proposal are measured to select the best. The accuracy of this proposal
was about 99.98%. Also, this model worked well with some of the challenges related
to the detection of sign languages, such as variation of image illumination and
background. Finally, comparing the results with other works prove the robustness of
this proposal

Keywords: deaf people, image processing, hearing impairment, ArSL2018, feature
extraction.
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1. Introduction

Sign language is a way for hearing impaired people to communicate with others. Instead of
communicating by sound, as most people do, they use hand gestures and facial emotions to
convey a message to others. There is no one universal sign language, and regional variations
within the same nation as well as between nations are significant. Each sign language possesses
its own rules. Arab Sign Language (ArSL) is the sign employed by the Arabic community [1].
Most normal people cannot comprehend sign language, which enforces limitations on
communication between normal and impaired people. Around 466 million (one in every
twenty) people worldwide suffer from hearing impairment. This number may double in 30 years
due to different causes [2].

Unfortunately, there are no standard signs for ArSL. This is a big challenge for the Arabic
community to learn or interpret the ArSL. All the previous problems lead impaired people to
lack learning opportunities, be isolated from society and harm their feelings. To reduce the gap
between normal and impaired people in the Arabic community, there is an urgent need to use
machines and computer vision as a translator between them [3]. Currently, hand gestures are
crucial 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. One type of sign language is finger language based on orientation and shape.
Researchers suggested various methods to recognize ArSL. One is deep learning, which has
become increasingly viable for diverse applications due to the large volumes of data availability
(unlabelled and labelled), high-performance computing resources, as well as state-of-the-art
open-source frameworks [4].

The Convolutional Neural Network (CNN) refers to a type of deep learning technique with
multiple layers [5]. CNN is based on the idea of extracting local features from input (typically
an image) at the upper layers and incorporating them into more complicated features at the
lower layers [6]. Nevertheless, it is computationally expensive because of its multi-layered
architecture. In addition, its training, which includes networks on a big dataset, may take a long
time.

This paper aims to develop an effective method to work on image data of ArSL gestures and
automatically recognize thirty-two different Arabic sign images, eliminating the requirement
for human intervention throughout the interpretation. Also, the Linear Discriminant Analysis
(LDA) technique is offered as a promising candidate for feature extraction. The LDA method
turns the pre-processed hand image matrix into a low-dimensional space; it is employed in the
extraction of features. The LDA approach is an excellent algorithm since its features are scale
and rotation invariant [7]. The biggest challenges facing the researchers in sign language
recognition are the variation of illumination of images captured and the variation of background
(mostly non-uniform background) [8].

There are two main contributions present in this paper. First: Designing one-dimensional
CNN architecture to properly handle images for gestures extracted from videos. The LDA
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extracts low-level features of hand gestures and uses them as input to the CNN. The CNN is
made up of numerous completely connected conventional layers as a typical multilayer neural
network where a machine learning classifier is added as an additional layer on the CNN.
Second: This paper focuses on the Gesture of ArSL Recognition for impaired people. To our
knowledge, this work is the first one that focuses on interpreting the sign language words
instead of the alphabet and focusing on the ArSL words with various illumination and
background.

The remaining sections of the paper are arranged as follows: Section 2 focuses on the earlier
works, while the theoretical background and design are presented in Section 3. Next, Section 4
introduced the architecture of the suggested method. Then, the results are introduced in Section
4. Finally, Section 6 presents on the conclusion.

2. Related Works
Arabic Sign language still finds wide interest from researchers and many challenges need to
be addressed. In this section, we list some previous works that concern this field.

In [9], the researchers created a model to analyse 1400 hand gestures made by 20 users for
28 ArSL letters, and they utilized the Principle Component Analysis (PCA) algorithm to
simplify the enormous dataset by removing redundant, irrelevant, or erroneous data due to
noise. The 103 collected data points for each gestured letter were reduced to 36, resulting in a
data variance of more than 99%. The accuracy for recognizing the relevant Arabic sign
language letters from the test data was 86% using the SVM technique [9].

In [10], introduced a model for Arabic Sign Language Recognition Based on Convolutional
Neural Networks for recognizing 28 Arabic letters and digits from 0 to 10 from a dataset of
7869 images. The proposed model had seven layers and was trained multiple times on different
training-testing variations, and the highest accuracy achieved was 90.02 %. The authors
presented a comparison with traditional approaches based on K-Nearest Neighbours (KNN)
and support vector machines (SVM).

In [11],the authors presented a paper explaining the method for fine-tuning deep
convolutional neural networks using a database containing 54,049 images by first constructing
models that match the VGG16 and ResNet152 structures and then using the pre-trained models.
This study produced results that were up to 99% accurate, although it relied on the VGG16 and
ResNet152 models rather than a system created by the researcher.

In [12], an auto-recognition of ArSL letters is suggested, with each letter converting to the
appropriate voice. A dataset of 100 photographs was used in the training phase, and 25 images
were used in the testing phase for each of ArSL's 31 alphabets. The suggested CNN's
architecture consists of two layers and two maximum pools, and the system is trained over 100
epochs. This system has a 90%accuracy rate.

In [13] presented a database for automatic ArSL recognition made up of 15,360,
720*960*3 photos that use a faster, region-based convolutional neural network to recognize
and localize the Arabic sign language alphabet. To extract and map picture features as well as
learn the position of a hand in a given image, the faster R-CNN was designed. To encode the
sign descriptors, the suggested method tends to choose relevant features and implement
segmentation to determine the hand region. This idea achieved 93% accuracy rate. The VGG-
16 and ResNet-18 models were used in the proposed method.
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Design and Implementation Procedure

The proposed system is divided into three stages: pre-processing, Arabic alphabet sign
language features extraction, and classification based on a new suggested method, which is a
combination of LDA and deep neural network called (LDA-CNN) model. Each stage contains
multiple processes that perform different activities. All the processes of this project, as well as
the procedures for collecting and evaluating the data, are depicted in Figure (1). Also, algorithm

1 shows the steps for the recognition of ArSL.

Algorithm (1): Proposed Model Stages

Input: Captured Image

Output: classification of thirty-two letters.

BEGIN

Step 1: Pre-Processing Stage.

Step 2: Implementation of LDA algorithm and return Features Vector

Step 3: Split and Prepare Dataset into Training and Testing

Step 4: Train the CNN model (layers, activation function, hidden neurons).
Return model and save weights

Step 5: Test the Prediction model and return the predicted class.
Partnership the return predicted classes to produce the final class.

Step 6: Evaluation of the results.

END
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Figure 1: The block diagram of the proposed system

3.1 Images Dataset Used

In this study, the ArSL2018 dataset [14] was used. This dataset is a fully categorized and
validated dataset of ArSL alphabet images launched at Prince Muhammad Bin Fahd University,
Al Khobar, Saudi Arabia. It is available for researchers in machine learning as well as deep
learning. The ArSL dataset contains 54049 grayscale images, each having a 64 * 64 dimension.
The images are 8-bit JPG images of thirty-two character ArSL letters (thirty-two classes). In a
specific setting, the utilization of various sorts of images and lighting. Various styles of
photographs were generated using distinct lighting and backgrounds. Figure 2 shows the hand
signs that represent a form of Arabic letters. Also, Table 1 demonstrates the pronunciation of
the alphabets and the number of images for each letter in the datasets.
In this proposal, different data collected from different sources was used to test the model in
addition to the ArSL2018 dataset, most of which differs from the previous data on which the
system was trained. This data consists of 158 colour images of 224 * 224 size, a sample of it is
illustrated in Figure 3.
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Figure 2: Sample of Arsl2018 Image Dataset.

Dal Lam Sad

Figure 3 : Sample for Collection Dataset
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Table 1: 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 | name in | images
English script English Arabic
Script Script script

1 Alif | {—i‘:".s') 1672 17 Za L (sla) 1723

2 Ba = (sl) 1791 18 Ayn £ (=) 2114

3 Ta < (£ 1838 19 Ghayn & (=) 1977

4 Tha < (5) 1766 20 Fa i (sld) 1955

5 Jim z (+=) 1552 21 | Qaf G (<) 1705

6 Ha T (s3) 1526 22 Kaf d (Sl5) 1774

7 Kha Z(s%) 1607 23 Lam J(Y) 1832

8 Dal 2(J9) 1634 24 Mim # (A=) 1765

9 Dhal 3(dR) 1582 25 Nin C {Jj-,") 1819

10 Ra J(#1)) 1659 26 Ha o (¢la) 1592

11 Zay J(s')) 1374 27 Waw 5(53) 1371

12 Sin o (D) 1638 28 Ya s 1722

13 Shin 5 () 1507 29 Taa 5 (?) 1791

14 Sad ua (La) 1895 30 Al J(Jh 1343

15 Dad U (=) 1670 31 Laa T () 1746

16 Ta L (sk) 1816 32 Yaa sl (el3) 1293

3.2 Image Pre-processing

* Convert the input RGB images to a grayscale image. Grayscale images have only one
dimension (channel) and are composed of only gray shades of colours (256 grey colours) with
an 8-bit representation. This is done with almost any collected dataset, but the ArSL2018 dataset
is already grayscale images.

» Image processing used to highlight a particular element of an image is known as image
enhancement. The following scenarios involve the use of image enhancement: removing the
image's noise, the image becomes more sombre when the dark areas are enhanced, and the
edges of the images are highlighted. For some specific uses, the outcome is better than the
original image. To improve the image contrast and increase the global contrast on images, the
histogram equalization technique is used to adjust image intensities. Due to its simplicity and
relative superiority over other conventional methods, this strategy is typically used for image
enhancement paradigms.

» The image size clearly affects the detection accuracy; thus, we test to determine which size
will improve the accuracy. The most efficient size to utilize is 20 * 20, which reduces computing
time and cost. Therefore, this is the optimal size that produces the best results in this proposal.
The two types of datasets used to run the test are depicted in Table 3.

3.3 Features Extraction

The process of extracting features from a set of images is an initial stage that will be used as
input to the one-dimension Convolutional Neural Network (CNN) or machine learning
algorithms, where it extracts the important distinction from the most important. Linear methods
are used for this process by performing a linear mapping of data to an area of lesser dimensions.
The most common linear method for feature extraction is LDA, which maximizes the
component axes for class separation between multiple classes. The feature extraction is
performed with the aid of the LDA method, which converts the pre-processed hand image
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matrix into a low-dimensional space. Three steps must be followed to achieve the objective of
feature extraction. Estimating disengagement between multiple classes (the gap between their
average values), also known as the inter-class matrix or distinction, is the initial step.

The subsequent stage is determining the within-class matrix or variance, which is the difference
between the samples and the mean of the hand images for each class. Finally, the lower-
dimensional space that has two effects will be generated: one is to reduce the dimension in the
within-class variance, and the second is to increase the between-class variance. All the
mentioned steps are explained in detail in algorithm 2,

In summary, an LDA's primary objective is to keep the class-discriminatory information while
projecting a feature space (a collection of n-dimensional samples) onto a smaller subspace kk
(in which k<n—1, k<n—1). In general, dimensionality reduction can help minimize overfitting
by decreasing the error in parameter estimation (the "curse of dimensionality"), in addition to
lowering computational costs for a specific classification task.

Algorithm (2): Linear Discriminant Analysis
Input: hand image

Output: Feature Vectors

BEGIN

Stepl: Read hand images.

Step2: Calculate the average value of every one of the classes using Equation 1

1
ﬂ' = _Zwaxl ....... 1
J n; ="

Where: N: The total number of samples.
ni  represents the number of samples of the ith class.

Step3: Compute total mean of all database as in Equation 2

_1 N _ c N
ﬂ_; i=1Xi = izlﬁ,ui ............... 2

Mi represents the projection of the mean of the ith.
M Projection of the total mean of all classes

Step4: Obtain between-class matrix Sg (MxM) as Equation 3

Sp =iz — W) — )" .3

Sg between-class variance
Step5: Obtain within-class matrix Sw (M xM), as Equation 4
Sw = ?:1 Z?il(xij — uj) (x5 — .Uj)T ------ 4
Swi the within-class variance of the ith class, represents the difference between the

mean
Step6: Transformation matrix (W) of the approach of LDA is computed according to
Equation is referred to as Fisher’s criterion.
W = S,,'Sg
Step7: The Eigen values (2) and Eigen vectors (V) of W are computed.
Step8: Sorting eigenvalues in decrement order according to their equivalent Eigen values.
The first k Eigen vectors are utilized as a lower dimensional space Vk.
Step9: Employ every original sample (X) to the LDA’s lower dimensional space as in Eq.
Y = XVg
Step10: Return feature vectors.
END
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3.4  Split the Data

The process of splitting the data is based on dividing the complete data into two parts: 70%
for training data and 30% for testing data. The purpose of this process is to allow us to validate
the evaluation data.

3. LDA-CNN Model

This study proposed a novel algorithm based on feature extraction using Linear
Discriminant Analysis (LDA) and input of these features to the 1D Convolutional Neural
Networks (1D CNNSs) classifier method. Figure 3 depicts the proposed model's architecture.
This architecture consists of eight one-dimension convolution layers, seven activation function
layers, six max-pooling layers, five dense layers, and one flattening layer. Table 2 summarizes
the proposed model's representation. More than one programming language was used, namely
Visual Studio, language C++ and Python, in this work. The goal was to create a smart
application that is extremely accurate and with less computing time that can be used in real-
time applications.
1. 1D convolution layer: The convolutional layer's purpose is to recognize an image's features.
Typically, it progresses from the broad (for instance, shapes) to the precise. This solution makes
use of 1D CNNs, a modified form of 2D CNNs. Since 1D CNN have a minimal processing
need, they are well suited for real-time applications. A single spatial (or temporal) dimension
is passed through a convolution kernel created by a 1D convolution layer to produce a tensor
of outputs.
2. Pooling: In between the convolution layers, pooling layers are frequently added. By doing
this, the number of parameters is decreased, and over-fitting is avoided.
The max-pooling technique was utilized since the convergence rate is faster than other
subsampling techniques. It summarizes the features present in a region of the feature map
generated by a convolution layer.
3. The Rectified Linear Unit: this is not an isolated component but is a supplementary stage
to the CNN. In general, the image consists of a lot of non-linear features such as edge, borders,
colour, and any transition pixels. In this proposal, the leaky rectangular linear unit (Leaky
ReLU) is employed to increase the non-linearity in images. An activation function known as a
Leaky ReLU is based on a ReLU but has a tiny slope for negative values as opposed to a flat
slope. Prior to training, the slope coefficient is calculated. This led to the addition of a Leaky
ReLU activation function before the pooling layer and after each convolution layer.
4. Activation Function: The Softmax activation function is employed to predict the output of
the fully connected layer. Here, a vector of K real values between zero and one is transformed
by the Softmax function (the summation is always equal to 1). Some other experiments were
carried out using the Sigmoid function. It decides which value to classify as output and what
not to pass.
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Figure 4: The proposed architecture of CNN used to classify alphabet ArSL.

Layer type

convld 1(ConvlD-size(3,1))
leaky re lu_1(LeakyRelLU)

Table 2: Summary of components for the proposed model's architecture

Output shape

(None,29,16)
(None,29,16)

Params no.

poolingld_1(MaxPoolingl) (None,14,16) 0
convld 2(ConvlD-size(3,1)) (None,12,32) 1568
leaky re_lu_2 (LeakyRelLU) (None,14,16) 0
poolingld_2(MaxPoolingl) (None,6,32) 0
convld_3 (ConvlD) (None, 4, 64) 6208
leaky_re_lu_3 (LeakyReLU) (None, 4, 64) 0
poolingld_3 (MaxPoolingl ) (None, 4, 64) 0
convld_4 (ConvlD) (None, 4, 128) 8320
leaky re lu_4(LeakyRelLU) (None, 4, 128) 0
poolingld_4 (MaxPoolingl) (None, 4, 128) 0
convld 5 (ConvlD) (None, 4, 256) 33024
leaky_re_lu_5 (LeakyReLU) (None, 4, 256) 0
poolingld_5 (MaxPoolingl (None, 4, 256) 0
convld_6 (ConvlD) (None, 4, 512) 131584
leaky re_lu_6 (LeakyRelLU) (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
fc_1 (Dense) (None, 2, 512) 524800
fc_2 (Dense) (None, 2, 256) 131328
fc_3 (Dense) (None, 2, 256) 65792
fc_4 (Dense) (None, 2, 128) 32896
convld 8 (ConvlD) (None, 2, 185) 23865
flatten_1 (Flatten) (None, 370) 0
Fc-out(Dense) (None, 32) 11872
Total params: 1,496,633
Trainable params: 1,496,633
Non-trainable params: 0
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4. Experimental Results for LDA-CNN Proposal Model

The proposed model was implemented in two consequent phases: the feature extraction
phase using LDA, and the CNN Model phase. The objective of this model is to recognize thirty-
two Arabic letters. The suggested model's LDA-CNN model phase was tested on two types of
datasets (ArSL2018 and collected dataset).
The image size has a clear effect on the detection accuracy, so, it was tested to select the best
size that can be used to increase the accuracy. The test was implemented with the two types of
the datasets as shown in Table 4. Size 20x20 is the best size that can be used to reduce the
computation cost and time.

Table 4: shows the results of the image size selection test.

64*64

_ . 66.85 1.35
(original size)
60*60 68.88 1.115
54,049 40%40 69.01 1.05
20*20 72.89 1.012
Y 34.00 2.76
(original size)
158 60*60 92.41 0.28
40*40 93.04 0.24
20*20 94.94 0.18

The second test was implemented to find the best number of epochs that can be used to
maximize detection accuracy. Results are shown in Table 3. Although the accuracy is very close
when the number of the epoch was 100 and 200, we recommend using the number of epochs
equal to 200, which gives very good results (with both ArSL2018 and collected dataset) without
significant effect on the training time as shown from Figure 6 that shows the training run time.

The third test was implemented to a distinction between two types of activation functions:
Softmax and Sigmoid. We know as the default that the Softmax is more suitable when the
desired results are more than two classes, but due to the use of the sigmoid function by some
authors when detecting the ArSL so the possibility of using the Sigmoid instead of Softmax
was considered. From Figure 5 it is clear that Softmax is better to use in this proposal (that has
a very low loss function).

Table 3: Effect of epoch numbers on the detection accuracy

ArSL2018 Collected Dataset ArSL2018 Collected Dataset

72.49 37.34 1.065 2.5433
95.59 95.57 0.172 0.0997
97.00 96.00 0.098 0.0740
99.98 98.57 0.0023 0.0682
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The fourth test was implemented to find the run time according to the number of the epoch.
This time is the training time for each batch size of 1024. The results are shown in Figure 6.
Where the test time is a very trivial time for each image.

Softmax vs. Sigmod
275 27 27 27
27
g 26 26 26
o 26
£
t 255 25 25
=
e 25
24.5
24
10 50 100 200
e Sigmod 27 25 25 26
e s0ftmax 26 27 26 27
No. of epoch

Figure 5: The results of testing the activation functions.

Softmax vs. Sigmod
1.2
1
=
o 0.8
S
B 0.6
2
a 0.4
s ' 0.25
0.2
0 .0023
10 50 100 200
sigmod 1.1322 0.1522 0.1027 0.25
s 50ftmax 1.0652 0.1721 0.098 0.0023
No. of Epochs

Figure 6: CNN training Time Analysis

The fifth test was to measure the best learning rate that gives the best accuracy. Table 5
summarizes the findings. A learning rate with a value of 0.001 gives the best accuracy for both
datasets. Increasing the learning rate will increase the run time.

Table 5: Testing Accuracy vs. Learning rate.
initial learning rate 0.01 0.001 0.0001

(ArSL2018) Dataset 33 96 64
Accuracy % (Collection Dataset) 31 95 96
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Finally, we compared the proposed results with other similar works, the comparison was
with papers that used the standard dataset (ArSL2018) (which is created a few years ago) and
the collected dataset that was collected by authors, as shown in Table 6.

Table 6: Comparison results with previous works

index Model Accuracy Dataset
VGG-16 [11] 99% ArSL2018
ResNet-18 [13] 93% ArsSL2018
CNN [15] 96.4 ArsSL2018
4 CNN [7] 92.9 ArsSL2018
CNN [16] 88.87 ArsSL2018
| 6 Proposal Model 99.98% ArsSL2018
]
CNN Model [12] 90% Collected Dataset
PCNN [17] 90.4 Collected Dataset
[ ANFIS networks [18] 93.55 Collected Dataset
R-CNN [13] 93 Collected Dataset
CNN [12] 90 Collected Dataset
[ 6 Proposal Model 98.57 Collected Dataset
5. Conclusion

Due to its detrimental impact on a person's capacity to interact with others, deafness has an

adverse impact on all facets of a person's everyday life. The model that is being provided is an
illustration of how a Convolutional Neural Network (CNN) can be used for image recognition
as well as classification in a specific technique. The proposed system gets better performance
by enriching the training dataset through adding new sample versions from the already available
samples to provide a generalization to the model. We developed and applied an Arabic Sign
Language (ArSL) recognition system, which used Linear Discriminant Analysis (LDA) and 1D
Convolutional Neural Networks (1D CNNSs) to detect and recognize the ArSL alphabet,
considering the strengths and drawbacks of previous contributions. The suggested model
(LDA-CNN) gives very good results in detecting the ArSL, which reached 99.9%.
This paper's primary contribution is introducing a new method that uses one-dimension CNN
after extracting the features, which increases the accuracy significantly. Also, the suggested
method processes the images with variant illumination and variant image backgrounds. The
proposed method achieved very good results compared with other methods in the same field.
Constructing a database of ArSL words and classifying them from future works, as well as
distinguishing the sign through moving images, is a progressive work.
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