How to Cite:

Al-Obaidi, A. S. I., Al-Nima, R. R. O., & Han, T. (2022). Interpreting Arabic sign alphabet
by utilizing a glove with sensors. International Journal of Health Sciences, 6(S6), 7170—
7184. https://doi.org/10.53730/ijhs.v6nS6.12018

Interpreting Arabic sign alphabet by utilizing a
glove with sensors

Ahmed Saeed Ibrahim Al-Obaidi
Northern Technical University, Mosul, Iraq
*Corresponding author email: techengahmedO@gmail.com

Raid Rafi Omar Al-Nima
Northern Technical University, Mosul, Iraq
Email: raidrafil@gmail.com

Tingting Han
Birkbeck, University of London, United Kingdom
Email: t.han@bbk.ac.uk

Abstract---People who are deaf or dumb in Arab communities face
several challenges. The most important challenge is to communicate
with people. In this study, a new approach for identifying the alphabet
in the Iraqi Sign Language (IrSL) is proposed, which makes use of a
suggested deep neural network called the Deep Recurrent Alphabet
Sign Language (DRASL). It utilizes the Long Short-Term Memory
(LSTM) technique for classifying the outputs and recognizing the
alphabet in the SL. The dataset is constructed with the use of a glove
that is coupled to flex sensors on each finger; each sensor gives a
variable value based on the curvature ratio of the fingers. The sensors
were connected to an Arduino which was then linked to a computer to
transfer the data we collected. The data were divided into three
groups, which had 29 different movements. All of these groups had a
remarkably high accuracy equal to 100%.

Keywords---deep learning, long short-term memory, recurrent neural
network, sign language.

Introduction

The growing number of deaf-dumb people around the world is one of the biggest
issues facing societies. According to the World Health Organization (WHO), there
are now about 430 million deaf-dumb people in the world [W. H.
Organization,2022]. It seems that there is weakness in dealing with such people,
due to the lack of knowledge about how to understand them and how to benefit
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from their skills. This work is an attempt to fix this problem. Researchers have
recent work that try to help the deaf-dumb community with the aid of latest
technologies. There are many spoken languages and local dialects, so Sign
Languages (SLs) also vary based on the spoken languages and their dialects. For
example, Arabic Sign Language (ArSL) [Kamruzzaman, 2020], American Sign
Language (ASL) [Tian, 2018], British Sign Language (BSL) [Kotowicz et al, 2021],
German Sign Language (GSL) [Wienholz et al, 2019], and Chinese Sign Language
(CSL) [Jiang et al, 2020] are all different. The hardest part of recognizing SL is to
figure out how to understand hand gestures. In recent years, there has been a lot
of interest in finding automated ways to detect hand gestures like images or
sensors [Suri et al, 2020; Halvardsson et al, 2021].

Accurately recognizing hand gestures can help in building a strong system to
understand the SL. Technologies that use manual engineering based on the
Machine Learning (ML) can pick out important features [Johnny & Nirmala,
2022]. It is becoming more difficult to uncover powerful characteristics using old
methods. In this study, our ultimate goal is to classify the sign languages in real-
time. In order to achieve this, we first need an appropriate dataset. DL models
have benefited from the fact that there are many different types of data in
numerous domains thanks to millions of examples labelled for these fields
[Simonyan & Zisserman, 2015; Krizhevsky et al, 2007; Tajbakhsh et al, 2016]. In
contrast, there is almost a lack of data on the IrSL, we therefore collected and
built a dataset ourselves. The data was taken using flex sensors attached to a
glove, which captured the images of the hand gestures. The images were then
transferred to and processed on a computer to form the dataset to be used. Based
on the dataset, we built a deep learning model based on Recurrent Neural
Network (RNN). This model, Deep Recurrent Alphabet Sign Language (DRASL),
can automatically extract strong and effective features of the hand gestures and
can then classify the gestures to individual alphabet with high accuracy in real-
time. To summarize, the following contributions are made in this study:

e Collect and create a dataset of IrSL alphabet images using a sensor-binding
glove.

e Propose a DRASL network model for extracting effective features and
producing classification outputs.

The remainder of this work is structured as follows: Section 2 addresses the
literature review, Section 3 presents the material and method, Section 4 analyses
experimental outcomes; and Section 5 concludes the study.

Literature Review

A new technology using Android to develop the translation of the Indonesian Sign
Language (INSL). The technology was developed to be able to convert the INSL into
readable texts using a smart mobile phone. The texts could then be converted into
audible sounds. A CyberGlove was exploited: it included 5 flexible sensors, an
accelerometer, a built-in gyroscope and wireless communication based on
Bluetooth. Not only the movements of fingers were required, but also the
movements of hands. Dynamic Time Warping (DTW) is a method that uses a
dynamic programming algorithm to calculate the distance between each input
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frame and a reference frame in order to determine the best pattern. DTW was
implemented before the application was used on the mobile devices [Igbal et al,
2017].

Spoken translation of GSL based on its own videos, in addition to using subtitles
for SL videos. For both general and pre-specified settings, Sign Language
Translation (SLT) was tailored in the context of Nervous System Translation (NST).
This allows learning spatial representations, basic language models and speech
signal assignments at the same time. For NST performance, raw data were
collected from freely available data with a large vocabulary. The work was a
combination of two types of networks, CNN for spatial modulation detection and a
Recurrent Neural Network-Hidden Markov Model (RNN-HMM). With this
combination, decoding was done to recognize and translate the video and convert
it into spoken text [Camgoz et al, 2018].

A system that used human key point estimates for Korean Sign Language (KSL)
translation. The SL dataset was provided by the Korea Electronics Technology
Institute (KETI). It contained a high resolution and quality videos. A neural
network model was used to extract human base points to convert SL videos into
English words. Human base points were collected from the face and hands. An
open-source project called Open Pose was used to discover ten human key points
in real-time [Ko et al. 2020]. Hand gesture is a type of nonverbal communication
that can be applied in a variety of studies including dumb and deaf
communication, robot control, human-computer interaction (HCI), home
automation, and medical applications. People can communicate via machines
that use gesture recognition technology rather than relying on mechanical
devices. The work aimed to recognize gestures and direct human movements to
control specific devices. Two approaches to HCI applications were proposed. The
first method of collecting data was based on gloves fitted with sensors. The second
method was a computer vision approach that used camera vision to allow
humans and computers to communicate [Selvarathi et al, 2020].

Developing a DL model called Gesture-Convolution Neural Network (G-CNN) to
study Hindi Sign Language (HSL). The data was collected using an RGB camera,
clipping only the shape of the gesture from the images and resizing it evenly
before fusing it to the proposed neural network. The proposed model had fewer
parameters, however, it achieved higher classification accuracy than the original
CNN. In order to evaluate the proposed model, the results were compared in
training and testing HSL data using the Visual Geometry Group (VGG),
specifically VGG-11 and VGG-16. The training was performed on a publicly
available set of ASL data. As a result of the study, the highest classification
accuracy of HSL was obtained when using the proposed network. The main
problem with HSL was the lack of publicly available data [Sharma and Singh,
2021].

A study based on the development of artificial intelligence (Al) machine translator
to classify new ArSL data that was used to extract new features from it. The
proposed system could capture deaf-dumb SL images and translate them in real-
time. Feature extraction was engineered for 40 manually selected traits and
applied to four types of classifiers, Random Tree (RT), regression, bagging and
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Random Forest (RF). The results showed that the performance of the RF classifier
with the proposed extraction properties was better than that of others. The
proposed work was carried out in two stages. In the first stage, the ArSL alphabet
gestures images were preprocessed. More specifically, noise was removed,
segmentation was normalized and dimensions changed. In the second stage, the
model ran and output the results and the features [Latif et al, 2021]. To the best
of our knowledge, there is no study on IrSL that utilizes a glove with sensors to
interpret Arabic sign alphabet. This paper attempts to address this aspect.

Materials and Methods
Hardware Design

To collect Iraqi sign language gesture images, we invented a hardware, from which
the IrSL alphabet dataset can be acquired. This will be illustrated below. Flex
sensors are attached to glove fingers. A micro Arduino is used as a
microcontroller. Its pins from AO through A4 are utilized to read analogue values
from flex sensors, where each flex sensor acts as a variable resistance. Figure 1
demonstrates such a sensor in this work. When the user showed different hand
gestures, the level of bending of the fingers is different. The resistance value of a
sensor is affected by bending. The more bent a sensor is, the larger the resistance
value it has. For example, the sensor’s resistance reads 62.5 Kilo-ohms (KQ) when
it is in the position of 45°, whilst it reads 100 KQ when it is in the position of 90°
[In-Depth, 2022]. There is a direct correlation between resistance curvature and
the analogue resistance value. As a result of this feature, flex sensors can be very
valuable in detecting a hand gesture.
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Figure 1. (a) Shape of a flex sensor and (b) Different flex sensor states

The flex sensors are connected in a voltage divider circuit. As the resistance
changes in the sensor, the circuit outputs different voltages. The voltage divider
circuit can be seen in Figure 2, where: V;y is the supply voltage from Arduino, Vg
is the output voltage at the point between the resistors R1 and R6, and GND is the
electrical circuit ground. The circuit outputs the voltages back to the Arduino via
the analogue pin.
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Vin =5v | Votj] GND

Figure 2. Voltage divider electronic circuit with the variable resistor (R6) of the flex
sensor

The output voltage of the voltage divider electronic circuit can be calculated
according to the following equation:

R6
Vo =Vin|l 55— (1)
0~ "IN\R1+R6

Where V, represents the output voltage to the analogue pin of Arduino, Vy
represents the input voltage supply from Arduino, R6 represents a variable
resistor of the flex sensor and R1 represents a fixed resistor [Abraham et al,
2019]. Five flex sensors are connected to the five glove fingers. Figure 3 shows
their full electronic circuit. In this figure, the resistors R1, R2, ..., R5 are fixed
resistors, each have a value of 220 Q; whereas the resistors from R6, R7, ..., R10
represent the variable resistors of sensors.

GND

Arduino R1'2200

R3 2200

R4 2200

RS 2200

O 0F00:0°0:0° 020407010 1020:0,0}

use
Figure 3. Full electronic circuit of how the variable resistors (R6, R7, ..., R10)
of five flex sensors are connected to Arduino

Finally, the invented glove with sensors and how the sensors are connected to
Arduino can be illustrated in Figure 4. They are used to acquire the dataset.
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USB cable

Arduino box

(b)
Figure 4. (a) Invented glove with five flex sensors, (b) Invented glove with five flex
sensors connected to Arduino

Establishing the Dataset

Glove flex sensors deliver hand gestures data into Arduino via its serial port.
Software program is adopted to read the data from Arduino. For each SL alphabet
letter, 10 samples are considered. Thus, the dataset consists of 290 samples.

Proposed DRASL

We are to design a DL model, where the input is the IrSL Arabic Sign Alphabet
(ASA) and the output is to recognize which Arabic letter the sign language refers
to. There are 29 Arabic letters in total and the main task is to classify the
distinctive hand gestures to the letters.

RNN

Before diving into our own model, we first briefly introduce RNN, which is the
basis of our model. Each RNN has two main parts: the first part consists of a
sequence of inputs and an LSTM layer, and the second part consists of fully
connected (FC) layer, softmax layer and classification layer. Figure 5 shows the
block diagram of a general RNN and its layers.

Sequence

Input - LSTM -—) FC mmp | Softmax mmp | Classification

Figure 5. Block diagram of a general RNN

In the rest of this subsection, we will elaborate on each layer that will be used in
our model.

Sequence Input

This is the first layer. It provides the input data entry. There are four types of RNN
data input-output methods: one-to-one, one-to-many, many-to-one and many-to-
many. Many-to-many have been approved according to work needs [Tavakoli,
2019]. Different RNN data input-output types are shown in Figure 6.
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Figure 6. Different RNN data input-output types
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Many-to-many method is used here. That is, the data are entered using multiple
entries and assigned to multiple targets.

LSTM

this layer stores important information about the input for a long time and it can
be removed if more analysis is provided. Actually, the LSTM learns which
information to keep and which information to discard. Commonly, LSTM is made
up of 3 gates: forget, input and output [Smagulova & James, 2019]. The forget
gate is controlled by the sigmoid function, where its output value of O means that
nothing can pass through and its output value of 1 means that everything can
pass through. In the input gate, the sigmoid function decides which state values
need to be changed by adding the new candidate values. This is done together
with the following tangent hyperbolic (tanh) function:

_1—exp(=2n)
tanh(n) = m (2)

where tanh(n) represents the normalized output into the range (-1, 1), where nis
the total number of sensor data. This function is to speed up the convergence
process and it can prevent the cell memory from "blowing up" (exploding gradients
problem) [Greff et al, 2019]. The other gate is the output gate, which determines
the value of the output. Figure 7 shows the LSTM internal architecture. f; is the
forget gate of a previous cell state C,_;, o is the logistic sigmoid non-linear
activation functions [Lee et al, 2020] and o is applied on C,_; to determine which
the retrieved LSTM memory should be kept. tanh is then applied to the value
between 1 and -1 (derived from the second sigmond function) with the following
parameters: C; a new cell state of the LSTM memory, and x; a new input to the
LSTM memory. Lastly, both sigmoid and tanh functions are applied again to
determine the new output h,.
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Figure 7. LSTM internal architecture

e FC: here each node in the previous layer is connected to all nodes in this
layer.

e Softmax: this layer is utilized to offer the corresponding probability
distributions to all classes for a given input.

e Classification: it is the last layer that provide the classification outputs. It
follows the winner-takes-all rule.

DRASL

The deep neural network we proposed is called the Deep Recurrent Alphabet Sign
Language (DRASL). It consists of three RNNs, each of which can accept a group of
distinct hand gestures. The reason that we need three RNNs is because some
letters have similar movements or gesture forms. The overall architecture of our
model is shown in Figure 8.

Sequence
Input -—)p LSTM -—) FC - Softmax mm) | Classification
(Group 1) -
Sequence
Input - LSTM -—) FC - Softmax mmp | Classification | Decision
(Group 2)
Sequence i
Input — LSTM -—) FC -—) Softmax mm) | Classification
(Group 3)

Figure 8. Block diagram of the proposed DRASL

To illustrate, similar letters of hand gestures have been assigned to different
groups. The DRASL interprets a gesture based on its target. It can deal with
certain targets that are related to certain inputs. As other Machine Learning (ML)
models [Al-Kaltakchi et al, 2018; Al-Nima et al, 2008, 2010, 2020, 2021; Khalil et
al, 2009; Al-Kaltakchi et al, 2020] the DRASL requires two phases: training and
testing. Training phase will firstly start before the testing phase.
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Results and Discussions
Established Dataset

The data collection took place from the 2nd of March 2022 to the 29th of May
2022. Initially, data from the five sensors that were attached to glove fingers were
collected. They represented hand gestures for the IrSL as a case study. Each
sample contained five values from the five sensors. There are 29 letters in the
Iraqi (sign) language in total and 15 samples were provided for each letter. A total
number of 435 samples of data for right-hand gestures were generated.

Standardizations

Certain standardizations can be applied for different techniques [Hamdany et al,
2019; Al-Nima et al, 2021; AL-Hatab et al, 2020; Abugadumah et al, 2020; Al-
Kaltakchi et al, 2018]. Here, all experiments were carried out on a laptop with the
following facilities: type Dell, Intel Core i7 processor, 2.20 GHz processor speed, 8
GB computer memory, NVIDIA external graphics card, GF117 Graphics
Processing Unit (GPU) and 2 GB display memory. The dataset contained 435
samples, which were divided into three groups. Each group represented distinct
hand gestures that can be accepted by an internal RNN inside the DRASL, as
mentioned. The separation was done to eliminate the interference with the signals
of values obtained from the glove. Furthermore, experiments were considered for
the following training criteria: Adaptive moment estimation (Adam) optimizer,
gradient decay factor value equal to 0.9 and initial learning rate equal to 1 x 10-3.
Dataset was partitioned into training and testing, where 290 samples were used
for training and 145 samples were for testing. The number of output classes was
limited to 29, each of which represented an interpreted ASA letter.

DRASL Parameters

Multiple experiments were carried out to assign the appropriate inputs and
parameters for the proposed DRASL network. Determining inputs and parameters
were logically done to find out their appropriate values. Figure 9 shows different
amplitudes of various experiments on the three grouped distinct hand gestures
that are applied to the proposed DRASL network. This figure includes values from
the Arduino analogue input pins (AO, Al, A2, A3 and A4), which represent the
bends of five sensors.
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Figure 9. Different amplitudes of various experiments on the three grouped
distinct hand gestures that are applied to the proposed DRASL network: (a) Group
1 accepts 10 letters, (b) Group 2 allows 10 letters and (c) Group 3 takes 9 letters

Figure 9 demonstrates that each ASA letter has distinct values which can
describe distinct hand gesture. However, there are different letters that have
similar values which may describe similar hand gestures. Therefore, ASA letters
are separated into three groups, each group assigns to certain letters. Number of
hidden units for the three groups is found after changing its parameter to be
equal to 100 nodes. Mini-batch size values are investigated to be 25 for groups 1
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and 2, and 15 for group 3. Numbers of epochs are explored as 100 epochs for
groups 1 and 2, and 300 epochs for group 3. Such parameters lead the DRASL to
achieve a very high accuracy.

Training

Training was performed for 290 samples of the dataset. That is, group 1 and 2
used 100 samples each, and group 3 exploited the remaining 90 samples.
Training performances of the proposed DRASL are given in Figs. 10, 11 and 12 for
the three groups.

Training Progress (04-Jun-2022 23:39:15)

Figure 10. Training performances for group 1
me Training Progress (04-Jun-2022 23:41:05)

o pon
/‘vwmﬂ'
w0}

Sl g

Figure 11. Traiﬁ{hg performances for group 2

pess (04 v 2022 2041

Training Progress (04-Jun-2022 23:41:43)

Figure 12. Training performances for group 3

These figures show the curves of training accuracies, curves of training losses
(errors) and numbers of iterations. Basically, each figure demonstrates two
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curves: the first one displays the relationship between the percentage accuracy
and iteration, and the second one displays the relationship between the loss
(error) and iteration. All trainings are successfully implemented as the accuracies
are maximized and losses are minimized.

Testing

Tests were performed for 145 samples for three groups. Here, the DRASL was
evaluated according to the determined parameters, as illustrated in subsection
training. A very high accuracy of 100% is benchmarked.

Conclusion

This paper presented an invented glove with sensors that was designed to
interpret ASA. The glove was made available to be worn by humans. Then, the
finger movements will be detected and linked to a computer through the Arduino.
The dataset was acquired from scratch. Multiple readings of the amplitude were
collected for each hand gesture of an ASA letter. Up to 29 Arabic letters were
considered. For each letter, a hand gesture movement was repeated more than 15
times. Then, all the data were divided into training and testing sets. A new
approach called the DRASL was proposed. As some letters have close gesture
forms, the DRASL contained three RNNs to separate the close gesture forms. Each
RNN accepted certain values for a group of distinct ASA hand gestures. This
model could successfully achieve a remarkably high accuracy of 100%. To the
best of our knowledge, the overall work of this paper is novel for the case study of
the IrSL.

Acknowledgments

We are appreciative that the Al-Amal Institute for the Deaf and Dumb gave us the
information we needed to finish this study.

References

A. A. Gomaa and R. Gla Elrayes, “Egyptian Sign Language Recognition Using CNN
and LSTM,” 2021.

A. Krizhevsky, 1. Sutskever, and G. E. Hinton, “ImageNet Classification with Deep
Convolutional Neural,” Handbook of Approximation Algorithms and
Metaheuristics. pp. 1-1432, 2007, doi: 10.1201/9781420010749.

A. Suri, S. K. Singh, R. Sharma, P. Sharma, N. Garg, and R. Upadhyaya,
“Development of Sign Language wusing Flex Sensors”, Proceedings -
International Conference on Smart Electronics and Communication, ICOSEC
2020, no.Icosec,pp.102-106,2020,doi: 10.1109/ICOSEC49089.2020.9215392.

A. Wienholz, D. Nuhbalaoglu, M. Steinbach, A. Herrmann, and N. Mani,
“Phonological priming in German Sign Language: An eye tracking study using
the Visual World Paradigm,” Sign Language & Linguistics, vol. 24, no. 1, pp. 4-
35, 2019, [Online]. Available: https:/ /www.jbe-
platform.com/content/journals/10.1075/s11.1901 1.wie.


https://www.jbe-/
https://www.jbe-/

7182

Arwa Hamid Salih Hamdany, Lubab H. Albak, and Raid Rafi Omar Al-Nima,
“Wireless Waiter Robot”, TEST Engineering & Management, The Mattingley
Publishing Co., Inc., Vol. 81, pp. 2486-2494, November-December 2019.

B. G. Lee, T. W. Chong, and W. Y. Chung, “Sensor fusion of motion-based sign
language interpretation with deep learning,” Sensors (Switzerland), vol. 20, no.
21, pp. 1-17, 2020, doi: 10.3390/s20216256.

C. Selvarathi, P. Indu, B. Kavyadharshini, S. Logesh Kumar, and R. Mohamed
Yasher, “Human computer interaction using hand gesture recognition,”
International Journal of Advanced Trends in Computer Science and
Engineering, vol. 9, no. 2, pPp- 1600-1603, 2020, doi:
10.30534 /ijatcse/2020/106922020.

D. Economou, M. G. Russi, I. Doumanis, M. Mentzelopoulos, V. Bouki, and J.
Ferguson, “Using serious games for learning british sign language combining
video, enhanced interactivity, and vr technology,” Journal of Universal
Computer Science, vol. 26, no. 8, pp. 996-1016, 2020, doi:
10.3897 /jucs.2020.053.

D. S. Battina, “Innovative study of an Al voice based smart Device to assist deaf
people in understanding and responding to their body language,” no. March,
2022.

E. Abraham, A. Nayak, and A. Igbal, “Real-Time Translation of Indian Sign
Language wusing LSTM,” 2019 Global Conference for Advancement in
Technology, GCAT 2019, pPp. 1-5, 2019, doi:
10.1109/GCAT47503.2019.8978343.

G. Halvardsson, J. Peterson, C. Soto-Valero, and B. Baudry, “Interpretation of
Swedish Sign Language Using Convolutional Neural Networks and Transfer
Learning”, SN Computer Science, vol. 2, no. 3, pp. 1-15, 2021, doi:
10.1007/s42979-021-00612-w.

G. Latif, J. Alghazo, N. Mohammad, and R. Alghazo, “Communicating with the
Deaf and Hard of Hearing through Automatic Arabic Sign Language
Translator,” Journal of Physics: Conference Series, vol. 1962, no. 1, 2021, doi:
10.1088/1742-6596/1962/1/012055.

In-Depth: Interfacing Flex Sensor with Arduino”. [Online]. Available:
https:/ /lastminuteengineers.com/flex-sensor-arduino-tutorial/ (accessed May
27, 2022).

J. Kotowicz, B. Woll, and R. Herman, “Adaptation of the British Sign Language
Receptive Skills Test into Polish Sign Language,” Language Testing, vol. 38, no.
1, pp. 132-153, 2021, doi: 10.1177/0265532220924598.

K. Greff, R. K. Srivastava, J. Koutnik, B. R. Steunebrink, and J. Schmidhuber,
“LSTM: A Search Space Odyssey,” IEEE Transactions on Neural Networks and
Learning Systems, vol. 28, no. 10, pp. 2222-2232, 2017, doi:
10.1109/TNNLS.2016.2582924.

K. Simonyan and A. Zisserman, “Very deep convolutional networks for large-scale
image recognition,” 3rd International Conference on Learning Representations,
ICLR 2015 - Conference Track Proceedings, pp. 1-14, 2015.

K. Smagulova and A. P. James, “A survey on LSTM memristive neural network
architectures and applications,” European Physical Journal: Special Topics,
vol. 228, no. 10, pp. 2313-2324, 2019, doi: 10.1140/epjst/e2019-900046-x.

Lubab H. Albak, Raid Rafi Omar Al-Nima, and Arwa Hamid Salih, “Palm print
Verification Based Deep Learning”, TELKOMNIKA Telecommunication,
Computing, Electronics and Control, Vol. 19, No. 3, 2021.


https://lastminuteengineers.com/flex-

7183

M. G. Grif and Y. K. Kondratenko, “Development of a software module for
recognizing the fingerspelling of the Russian Sign Language based on LSTM,”
Journal of Physics: Conference Series, vol. 2032, no. 1, 2021, doi:
10.1088/1742-6596/2032/1/012024.

M. Igbal, E. Supriyati, and T. Listyorini, “SIBI Blue: Developing Indonesian Sign
Language Recognition System Based On The Mobile Communication Platform,”
International Journal of Information

M. M. Kamruzzaman, “Arabic Sign Language Recognition and Generating Arabic
Speech Using Convolutional Neural Network,” Wireless Communications and
Mobile Computing, vol. 2020, 2020, doi: 10.1155/2020/3685614.

M. R. Khalil, M. S. Majeed, and R. R. Omar, “Personal Identification With Iris
Patterns”, AL-Rafidain Journal of Computer Sciences and Mathematics,
College of Computer Sciences and Math / University of Mosul / Iraq, Vol. 6,
No. 1, 2009.

M. T. Al-Kaltakchi, R. R. Omar, H. N. Abdullah, T. Han, and J. A. Chambers,
“Finger Texture Verification Systems Based on Multiple Spectrum Lighting
Sensors With Four Fusion Levels”, Iraqi Journal of Information &
Communications Technology, Vol. 1, Issue 3, 2018.

M. T. Al-Kaltakchi, R. R. Omar, H. N. Abdullah, T. Han, and J. A. Chambers,
“Finger Texture Verification Systems Based on Multiple Spectrum Lighting
Sensors With Four Fusion Levels”, Iraqi Journal of Information &
Communications Technology, Vol. 1, Issue 3, 2018.

Mabroukah M. A. Abugadumah, Musab A. M. Ali, and Raid R. O. Al-Nima,
“Personal Authentication Application Using Deep Learning Neural Network”, in
16th IEEE International Colloquium on Signal Processing & its Applications
(CSPA), Langkawi, Malaysia, pp. 186-190, 2020.

Marwa MohamedSheet AL-Hatab, Raid Rafi Omar Al-Nima, Ilaria Marcantoni,
Camillo Porcaro, and Laura Burattini, “Comparison Study Between Three Axis
Views of Vision, Motor and Pre-Frontal Brain Activities”, Journal of Critical
Reviews, Vol. 7, Issue 5, pp. 2598-2607, 2020. do0i:10.31838/jcr.07.05.430

Musab T. S. Al-Kaltakchi, Raid R. O. Al-Nima, and Mohammed A. M. Abdullah,
“Comparisons of extreme learning machine and backpropagation-based i-
vector approach for speaker identification”, Turkish Journal of Electrical
Engineering & Computer Sciences, The Scientific and Technological Research
Council of Turkey, Vol. 38, No. 3, pp. 1236-1245, 2020.

Mustafa, A. R., Ramadany, S., Sanusi, Y., Made, S., Stang, S., & Syarif, S. (2020).
Learning media applications for toddler midwifery care about android-based
fine motor development in improving midwifery students skills. International
Journal of Health & Medical Sciences, 3(1), 130-135.
https://doi.org/10.31295/ijhms.v3n1.290

N. C. Camgoz, S. Hadfield, O. Koller, H. Ney, and R. Bowden, “Neural Sign
Language Translation,” Proceedings of the IEEE Computer Society Conference
on Computer Vision and Pattern Recognition, pp. 7784-7793, 2018, doi:
10.1109/CVPR.2018.00812.

N. Tajbakhsh et al., “Convolutional Neural Networks for Medical Image Analysis:
Full Training or Fine Tuning”, IEEE Transactions on Medical Imaging, vol. 35,
no. 5, pp. 1299-1312, 2016, doi: 10.1109/TMI.2016.2535302.

N. Tavakoli, “Modeling genome data using bidirectional LSTM,” Proceedings -
International Computer Software and Applications Conference, vol. 2, no.
October, pp. 183-188, 2019, doi: 10.1109/COMPSAC.2019.10204.



7184

N. Tavakoli, “Modeling genome data using bidirectional LSTM,”Proceedings -
International Computer Software and Applications Conference, vol. 2, no.
October, pp. 183-188, 2019, doi:10.1109/COMPSAC.2019.10204.

R. R. Al-Nima and S. Kasim, “Picture Recognition by Using Linear Associative
Memory Neural Network”, Tikrit Journal of Pure Science, Vol. 13, No. 3, 2008.

R. R. Al-Nima, “Design a Biometric Identification System Based on the Fusion of
Hand Geometry and Backhand Patterns”, Iraqi Journal of Statistical Science,
Vol. 17, 2010.

Raid R. O. Al-Nima, Tingting Han, Taolue Chen, Satnam Dlay, and Jonathon
Chambers, “Finger Texture Biometric Characteristic: a Survey”, arXiv preprint
arXiv:2006.04193, 2020.

Raid Rafi Omar Al-Nima, Tingting Han, Saadoon Awad Mohammed Al-Sumaidaee,
Taolue Chen, and Wai Lok Woo, “Robustness and performance of Deep
Reinforcement Learning”, Elsevier, Applied Soft Computing, Vol. 105,
2021.https://doi.org/10.1016/j.as0c.2021.107295

S. Johnny and S. J. Nirmala, “Sign Language Translator Using Machine
Learning”, SN Computer Science, vol. 3, no. 1, 2022, doi: 10.1007/s42979-
021-00896-y.

S. K. Ko, C. J. Kim, H. Jung, and C. Cho, “Neural sign language translation based
on human keypoint estimation,” Applied Sciences (Switzerland), vol. 9, no. 13.
2019, doi: 10.3390/app9132683.

S. Sharma and K. Kumar, “ASL-3DCNN: American sign language recognition
technique using 3-D convolutional neural networks,” Multimedia Tools and
Applications, vol. 80, no. 17, pp. 26319-26331, 2021, doi: 10.1007/s11042-
021-10768-5.

S. Sharma and S. Singh, “Vision-based hand gesture recognition using deep
learning for the interpretation of sign language,” Expert Systems with
Applications, vol. 182, no. June, p. 115657, 2021, doi:
10.1016/j.eswa.2021.115657.

S. Theodorakis, V. Pitsikalis, and P. Maragos, “Dynamic-static unsupervised
sequentiality, statistical subunits and lexicon for sign language recognition”,
Image and Vision Computing, vol. 32, no. 8, pp. 533-549, 2014, doi:
10.1016/j.imavis.2014.04.012.

Suryasa, I. W., Rodriguez-Gamez, M., & Koldoris, T. (2021). Get vaccinated when
it is your turn and follow the local guidelines. International Journal of Health
Sciences, 5(3), x-xv. https://doi.org/10.53730/ijhs.v5n3.2938

Technology,vol.1,n0.1,2017,[Online].Available:https:/ /www.researchgate.net/publ
ication/315782947.

W. H. Organization, “Deafness and hearing loss”. [Online].
Available:https:/ /www.who.int/news-room/fact-sheets/detail/deafness-and-
hearing-loss (accessed Feb. 22, 2022).

Workshops, vol. 2018-June, PP- 2145-2154, 2018,
doi:10.1109/CVPRW.2018.00280.

X. Jiang, B. Hu, S. Chandra Satapathy, S. H. Wang, and Y. D. Zhang,
“Fingerspelling Identification for Chinese Sign Language via AlexNet-Based
Transfer Learning and Adam Optimizer,” Scientific Programming, vol. 2020,
2020, doi: 10.1155/2020/3291426.

Y. Ye, Y. Tian, M. Huenerfauth, and J. Liu, “Recognizing american sign language
gestures from within continuous videos,” IEEE Computer Society Conference
on Computer Vision and Pattern Recognition



