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1.    Introduction 
Nowadays, people input text or commands through touch screens or 
keyboards on digital devices. However, with the advent of  Virtual Reality and 
Augmented Reality, it is predicted that in the near future, individuals will be 
able to access digital content through a simple pair of  eyeglasses (Yin, Xie, 
Gu, Lu & Lu, 2019). This innovation eliminates the need to carry items like 
mobile phones and laptops. Nevertheless, a challenge arises concerning text 
input in the absence of  traditional input devices like keyboards or touch 

screens. Voice commands and voice typing are effective ways to address this 
issue. However, in this instance, a new issue appears. Voice typing is not at all 
a good alternative if  you wish to input text while maintaining the privacy in 
public areas, moreover in noisy environment a voice typing is still very 
inefficient. In all scenarios, using air-writing as a text input method on future 
devices can be a smart choice. Writing linguistic symbols or words in a free 
space with hand or finger movements is familiar as "air-writing." People will 
use this method to write in the air, and the writing will be displayed on the 
screen i.e. the text will be received by the digital systems as input. Numerous 
studies on air-writing have already been conducted. However, the majority of  
them discuss air-writing of  English alphabets or words. Arabic air-writing has 
received very little scholarly attention.

Arabic is one of  the Semitic languages and nearly 380 million people 
speak Arabic as their mother language (Kanan, et al., 2019). Moreover, 
Arabic is the language of  the Holy Quran, due to which people of  the 
Muslim religion around the world use this language. Since air-writing is a 
potential way for inputting text to the digital devices in the coming days, 
therefore, in the near future, to increase the use of  Arabic language in the 
digital world, we must develop air-writing model for this language. The main 
goal of  this study is to create an air-writing data set based on motion sensor 
for Arabic characters, and then use that data set to examine the accuracy of  
various supervised machine learning models in recognizing Arabic characters 
in air-writing. There has been a lot of  research on air-writing in several 
languages, where different sensing methods have been applied to identify 
hand gestures. According to the information obtained from reading the 
relevant paper, the research on air-writing can be divided into four groups 
based on the sensing method for detecting hand movements during 
air-writing such as computer vision based, RADAR sensor based, WiFi signal 
based, and motion sensor-based air-writing. Computer vision techniques 
involve using cameras and image processing algorithms to interpret and 
analyze visual data. It has high accuracy in detecting and tracking hand 
movements. However, the performance of  this technique can be impacted by 
changes in lighting, and it is also limited in portability because it requires 
cameras or depth sensors (Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019). 
WiFi sensor-based techniques utilize variations in WiFi signal strength caused 
by a user's hand movements to detect air-writing patterns. It is non-invasive 
and can work in various lighting conditions. However, this method has less 
accuracy compared to computer vision or other methods, and performance 
is affected by the presence of  obstacles or interference in the WiFi signal 
(Yin, Xie, Gu, Lu, & Lu, 2019). RADAR (Radio Detection and Ranging) 

sensor-based air-writing techniques employ radio waves to detect hand 
movements and translate them into text or commands. This method is 
suitable to work in various lighting conditions, including darkness, however, 
it requires specialized RADAR hardware, making it less accessible (Arsalan, 
& Santra, 2019). Motion sensor-based air-writing techniques use 
accelerometers, gyroscopes, or inertial measurement units (IMUs) to detect 
and track hand movements. This method is able to recognize gestures with 
high accuracy in any environment. It can be implemented using small and 
portable devices without using a specialized hardware setup like a camera or 
RADAR sensor (Amma, Georgi, & Schultz, 2014). The motion sensor-based 
air-writing method appeared to be the most useful, according to the 
discussion in the preview. On English air-writing, a lot of  earlier work has 
been done using these techniques. There is also some research on air-writing 
in other languages. The recognition of  English letters in air-writing has been 
proposed in numerous earlier works (Baig, Fahad Khan, & Beg, 2013; Mall, 
Rani, Khatri, 2021; Vaidya, Pravanth, & Viji, 2022). Some proposed models 
to identify English digits in air-writing was made in several researches (Alam, 
Kwon, Alam, Abbass, Imtiaz, & Kim, 2020; Wang, Su, & Lin, 2015; Roy, 
Ghosh, & Pal, 2018). Additionally, in some research papers (Joseph, Talpade, 
Suvarna, & Mendonca, 2018; Chen, Su, & Chien, 2019; Ghosh, Mitra, 2022; 
Anjaneyulu, Jampaiah, Karthik, & Vijetha, 2017), methods to distinguish 
both English letters and digits in air-writing were suggested. Recognition of  
air-writing based on computer vision of  selected Chinese letters (Zhang, Ye, 
Jin, Feng, & Xu, 2013), Japanese letters (Hayakawa, Goncharenko, & Gu, 
2022), Persian digits (Mohammadi, & Maleki, 2020), and Bengali digits (Roy, 
Ghosh, & Pal, 2018) are proposed in the mentioned research papers. It has 
been found that earlier studies have predominantly identified English 
alphabet and number in air-writing. Air-writing of  Arabic alphabet has not 
been the subject of  any research. 

In this paper, the motion data (acceleration towards x, y, and z axes) of  
hand during air writing of  Arabic characters are used to test different 
supervised machine learning models in the classification of  Arabic characters 
in air-writing. The noteworthy contributions of  this research are as follows-
A data acquisition system is developed to record the data of  hand movement 
during air-writing of  Arabic characters.

A motion sensor-based air-writing data set of  Arabic characters is 
developed.

This data set has been used to train a number of  supervised machine 
learning models, and the performance of  those models has been evaluated.            

The remaining parts of  the article are arranged as follows. The overview 

of  the system is illustrated in Section 2. The methodology, which covers 
gradual development of  the Arabic character recognition system in 
air-writing, is explained in Section 3. Sections 4 is dedicated to discuss the 
experimental results. Conclusion and further work are discussed in Section 6.

2. Overview of  the system 
The main challenge of  this research is to prepare a data set. A data 
acquisition system is developed that can record hand movements in real-time 
in order to prepare the data set. For the machine learning model to be able to 
classify the various Arabic characters in the data set, the acceleration data for 
each character must be distinct. It is ensured by preparing a unique, 
simple-to-move, and memorable strokes for each letter when air-writing.  
Figure 1 represents the complete overview of  the Arabic character 
recognition system in air-writing. The first objective of  this system is to 
construct a data acquisition system to collect the data of  hand movement 
during air writing of  Arabic characters. The user has to carry this unit in 
hand. The data acquisition system consists of  a 3-axis accelerometer sensor. 
The output (acceleration towards x, y, and z axes) of  the accelerometer 
sensor changes with the change of  orientation and acceleration of  the sensor 
while air-writing. The data of  the accelerometer sensor which carries the 
information of  hand movement during air-writing is then transmitted to the 
computer via Bluetooth. An application using MATLAB software is 
developed which receives the air-writing data. The application has the option 
to save data with a label to an excel file. 

Figure 1
Complete Block Diagram of  the System.

The second objective is to use this data acquisition system to prepare a data 
set of  air-writing of  Arabic Characters. While holding the data collecting unit 
in hand, each of  the Arabic alphabet is repeatedly written in the air and a data 
set is created by saving the air-writing data together with a label for each 
instance of  air-writing in an excel file. This data set is then utilized to train 
supervised machine learning models like KNN, SVM, Decision Tree, etc. 
after preprocessing, and the accuracy of  these models in identifying Arabic 
characters is evaluated.

3. Methodology
This section outlines the gradual development of  the Arabic character 
recognition system in air-writing. The development of  the data acquisition 
system and data set, data preprocessing, feature extraction, and training of  
the classification model are addressed in this section.
3.1 Development of  data acquisition system and data set
The data acquisition system's goals are to collect real-time air-writing data for 
preparing an air-writing data set of  Arabic alphabets based on motion sensor 
and to receive data for the real-time recognition of  Arabic air writing. The 
data acquisition system consists of  a data collection unit, receiving unit, and 
an application developed in MATLAB software. Figure 2 displays an overall 
functional diagram of  the data acquisition unit, where dotted blocks 
indicating the various units. The main part of  data collection unit is a 3-axis 
accelerometer (ADXL345). To share data with the microcontroller 
(Microcontroller-1), it follows to the Inter-Integrated Circuit (I2C) 
communication protocol. The data collection unit also has a PUSH button 
and buzzer. Before writing, the user must click the push button. After that 
the buzzer will give an alarm to indicate that the microcontroller has begun 
reading the accelerometer sensor. The user will get two seconds to finish the 
air-writing. The microcontroller then stops reading the accelerometer sensor, 
which will be indicated by the buzzer beeping once again. The air-writing 
data is subsequently transferred over Bluetooth from the data collection unit 
to the receiver unit. 

Figure 2
Overall functional diagram of  data acquisition system.

The receiver unit has two microcontrollers. Data is transferred from one 
microcontroller (Microcontroller-2), which is connected to the data 
acquisition unit via Bluetooth, to another microcontroller 
(Microcontroller-3), which is linked to the computer via USB. Finally, the 
data is received by an application developed by MATLAB software. Figure 3 
shows the implementation of  the data collection unit and receiving unit, and 
Figure 4 displays a screenshot of  the MATLAB application. This application 
has an option to visualize the data and also to save the data in an excel file. 
Finally, this data collection system is utilized to develop the data set of  the 
Arabic alphabets written in the air. Each Arabic letter was written ten times 
in the air by five different persons who were holding the data collection unit 
in hand. The data was consistently saved in an Excel file i.e. data has been 
taken 25 times for each Arabic character. The strokes of  the Arabic alphabet 
during air-writing to prepare the data set are shown in Table I. 

Figure 3
Implementation of  (a) data collection unit and (b) receiver unit.

Figure 4
MATLAB application to receive and visualize air-writing data.

Table I
Proposed strokes of  Arabic character in air-writing.

N.B. dot (⯄) indicates the start and triangle (⯈) indicated the end of  a stroke.

Since there are 30 letters (including    and     ) in Arabic, therefore in total 750 
instances were taken in the data set. The length of  each air-writing instance 
is 2 seconds where the sampling rate of  reading the acceleration data is 128 
Hz and each sample is an 8-bit signed number (value ranges from -128 to 
127). Thus, we can represent the data of  air writing of  a character 
(sometimes referred as an instance) in the data set as shown in Eq. (1). Here, 
x, y, and z are three vectors of  length 256 each and carry the information of  
the hand motion towards x, y, and z-axes respectively during air-writing.

 

3.2 Data preprocessing
Data preprocessing is a crucial stage to prepare it for the extraction of  
valuable insights for a machine learning model. Sometimes, real-world data 

has noise, missing values, or the data is in an improper format that prevents 
it from being easily incorporated into machine learning models. In this 
application, during air writing, the sensor's disturbances and the users' 
unintentional trembling invariably contaminate the measured signals with 
high-frequency noise. Smoothing operation on data can remove this 
high-frequency noise. A leaky integrator is a smoothing filter which has a low 
computational cost compared to other smoothing filters (Kader, M. A., 
Hasan, M. J., Emon, M. A. I., Karim, A., Mahmud, S., & Tahsin, T., 2022). 
Therefore, a leaky integrator is used in this application. The smoothing 
operation is performed by using Eq. (2) to Eq. (4).

Here, n indicates the sample position, and    is a constant which ranges from 
0 to 1. The closer the value of     to 1, the greater the smoothing (Vetterli, M., 
2014). 
 The fact that the samples of  x, y, and z are not in the same range for the 
air writing of  various Arabic characters is another significant issue. It may 
confuse the machine learning models that employ distance as a metric in 
decision-making since variables do not contribute evenly to a distance 
calculation. The standardization or normalization process is a solution to this 
problem. The concept of  putting different variables on the same scale is 
known as standardization and this idea allows us to compare scores from 
several ranges of  variables. Standardization can be accomplished in a variety 
of  ways. The z-score normalization procedure is employed in this work. This 
is the process of  converting every value in a dataset with an average of  0 and 
a standard deviation of  1. Eq. (5) to Eq. (7) are used to normalize the data of  
hand movement along the x, y, and z-axis respectively, where n indicates 
sample position and N is the total number of  samples.
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1.    Introduction 
Nowadays, people input text or commands through touch screens or 
keyboards on digital devices. However, with the advent of  Virtual Reality and 
Augmented Reality, it is predicted that in the near future, individuals will be 
able to access digital content through a simple pair of  eyeglasses (Yin, Xie, 
Gu, Lu & Lu, 2019). This innovation eliminates the need to carry items like 
mobile phones and laptops. Nevertheless, a challenge arises concerning text 
input in the absence of  traditional input devices like keyboards or touch 

screens. Voice commands and voice typing are effective ways to address this 
issue. However, in this instance, a new issue appears. Voice typing is not at all 
a good alternative if  you wish to input text while maintaining the privacy in 
public areas, moreover in noisy environment a voice typing is still very 
inefficient. In all scenarios, using air-writing as a text input method on future 
devices can be a smart choice. Writing linguistic symbols or words in a free 
space with hand or finger movements is familiar as "air-writing." People will 
use this method to write in the air, and the writing will be displayed on the 
screen i.e. the text will be received by the digital systems as input. Numerous 
studies on air-writing have already been conducted. However, the majority of  
them discuss air-writing of  English alphabets or words. Arabic air-writing has 
received very little scholarly attention.

Arabic is one of  the Semitic languages and nearly 380 million people 
speak Arabic as their mother language (Kanan, et al., 2019). Moreover, 
Arabic is the language of  the Holy Quran, due to which people of  the 
Muslim religion around the world use this language. Since air-writing is a 
potential way for inputting text to the digital devices in the coming days, 
therefore, in the near future, to increase the use of  Arabic language in the 
digital world, we must develop air-writing model for this language. The main 
goal of  this study is to create an air-writing data set based on motion sensor 
for Arabic characters, and then use that data set to examine the accuracy of  
various supervised machine learning models in recognizing Arabic characters 
in air-writing. There has been a lot of  research on air-writing in several 
languages, where different sensing methods have been applied to identify 
hand gestures. According to the information obtained from reading the 
relevant paper, the research on air-writing can be divided into four groups 
based on the sensing method for detecting hand movements during 
air-writing such as computer vision based, RADAR sensor based, WiFi signal 
based, and motion sensor-based air-writing. Computer vision techniques 
involve using cameras and image processing algorithms to interpret and 
analyze visual data. It has high accuracy in detecting and tracking hand 
movements. However, the performance of  this technique can be impacted by 
changes in lighting, and it is also limited in portability because it requires 
cameras or depth sensors (Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019). 
WiFi sensor-based techniques utilize variations in WiFi signal strength caused 
by a user's hand movements to detect air-writing patterns. It is non-invasive 
and can work in various lighting conditions. However, this method has less 
accuracy compared to computer vision or other methods, and performance 
is affected by the presence of  obstacles or interference in the WiFi signal 
(Yin, Xie, Gu, Lu, & Lu, 2019). RADAR (Radio Detection and Ranging) 

sensor-based air-writing techniques employ radio waves to detect hand 
movements and translate them into text or commands. This method is 
suitable to work in various lighting conditions, including darkness, however, 
it requires specialized RADAR hardware, making it less accessible (Arsalan, 
& Santra, 2019). Motion sensor-based air-writing techniques use 
accelerometers, gyroscopes, or inertial measurement units (IMUs) to detect 
and track hand movements. This method is able to recognize gestures with 
high accuracy in any environment. It can be implemented using small and 
portable devices without using a specialized hardware setup like a camera or 
RADAR sensor (Amma, Georgi, & Schultz, 2014). The motion sensor-based 
air-writing method appeared to be the most useful, according to the 
discussion in the preview. On English air-writing, a lot of  earlier work has 
been done using these techniques. There is also some research on air-writing 
in other languages. The recognition of  English letters in air-writing has been 
proposed in numerous earlier works (Baig, Fahad Khan, & Beg, 2013; Mall, 
Rani, Khatri, 2021; Vaidya, Pravanth, & Viji, 2022). Some proposed models 
to identify English digits in air-writing was made in several researches (Alam, 
Kwon, Alam, Abbass, Imtiaz, & Kim, 2020; Wang, Su, & Lin, 2015; Roy, 
Ghosh, & Pal, 2018). Additionally, in some research papers (Joseph, Talpade, 
Suvarna, & Mendonca, 2018; Chen, Su, & Chien, 2019; Ghosh, Mitra, 2022; 
Anjaneyulu, Jampaiah, Karthik, & Vijetha, 2017), methods to distinguish 
both English letters and digits in air-writing were suggested. Recognition of  
air-writing based on computer vision of  selected Chinese letters (Zhang, Ye, 
Jin, Feng, & Xu, 2013), Japanese letters (Hayakawa, Goncharenko, & Gu, 
2022), Persian digits (Mohammadi, & Maleki, 2020), and Bengali digits (Roy, 
Ghosh, & Pal, 2018) are proposed in the mentioned research papers. It has 
been found that earlier studies have predominantly identified English 
alphabet and number in air-writing. Air-writing of  Arabic alphabet has not 
been the subject of  any research. 

In this paper, the motion data (acceleration towards x, y, and z axes) of  
hand during air writing of  Arabic characters are used to test different 
supervised machine learning models in the classification of  Arabic characters 
in air-writing. The noteworthy contributions of  this research are as follows-
A data acquisition system is developed to record the data of  hand movement 
during air-writing of  Arabic characters.

A motion sensor-based air-writing data set of  Arabic characters is 
developed.

This data set has been used to train a number of  supervised machine 
learning models, and the performance of  those models has been evaluated.            

The remaining parts of  the article are arranged as follows. The overview 

of  the system is illustrated in Section 2. The methodology, which covers 
gradual development of  the Arabic character recognition system in 
air-writing, is explained in Section 3. Sections 4 is dedicated to discuss the 
experimental results. Conclusion and further work are discussed in Section 6.

2. Overview of  the system 
The main challenge of  this research is to prepare a data set. A data 
acquisition system is developed that can record hand movements in real-time 
in order to prepare the data set. For the machine learning model to be able to 
classify the various Arabic characters in the data set, the acceleration data for 
each character must be distinct. It is ensured by preparing a unique, 
simple-to-move, and memorable strokes for each letter when air-writing.  
Figure 1 represents the complete overview of  the Arabic character 
recognition system in air-writing. The first objective of  this system is to 
construct a data acquisition system to collect the data of  hand movement 
during air writing of  Arabic characters. The user has to carry this unit in 
hand. The data acquisition system consists of  a 3-axis accelerometer sensor. 
The output (acceleration towards x, y, and z axes) of  the accelerometer 
sensor changes with the change of  orientation and acceleration of  the sensor 
while air-writing. The data of  the accelerometer sensor which carries the 
information of  hand movement during air-writing is then transmitted to the 
computer via Bluetooth. An application using MATLAB software is 
developed which receives the air-writing data. The application has the option 
to save data with a label to an excel file. 

Figure 1
Complete Block Diagram of  the System.

The second objective is to use this data acquisition system to prepare a data 
set of  air-writing of  Arabic Characters. While holding the data collecting unit 
in hand, each of  the Arabic alphabet is repeatedly written in the air and a data 
set is created by saving the air-writing data together with a label for each 
instance of  air-writing in an excel file. This data set is then utilized to train 
supervised machine learning models like KNN, SVM, Decision Tree, etc. 
after preprocessing, and the accuracy of  these models in identifying Arabic 
characters is evaluated.

3. Methodology
This section outlines the gradual development of  the Arabic character 
recognition system in air-writing. The development of  the data acquisition 
system and data set, data preprocessing, feature extraction, and training of  
the classification model are addressed in this section.
3.1 Development of  data acquisition system and data set
The data acquisition system's goals are to collect real-time air-writing data for 
preparing an air-writing data set of  Arabic alphabets based on motion sensor 
and to receive data for the real-time recognition of  Arabic air writing. The 
data acquisition system consists of  a data collection unit, receiving unit, and 
an application developed in MATLAB software. Figure 2 displays an overall 
functional diagram of  the data acquisition unit, where dotted blocks 
indicating the various units. The main part of  data collection unit is a 3-axis 
accelerometer (ADXL345). To share data with the microcontroller 
(Microcontroller-1), it follows to the Inter-Integrated Circuit (I2C) 
communication protocol. The data collection unit also has a PUSH button 
and buzzer. Before writing, the user must click the push button. After that 
the buzzer will give an alarm to indicate that the microcontroller has begun 
reading the accelerometer sensor. The user will get two seconds to finish the 
air-writing. The microcontroller then stops reading the accelerometer sensor, 
which will be indicated by the buzzer beeping once again. The air-writing 
data is subsequently transferred over Bluetooth from the data collection unit 
to the receiver unit. 

Figure 2
Overall functional diagram of  data acquisition system.

The receiver unit has two microcontrollers. Data is transferred from one 
microcontroller (Microcontroller-2), which is connected to the data 
acquisition unit via Bluetooth, to another microcontroller 
(Microcontroller-3), which is linked to the computer via USB. Finally, the 
data is received by an application developed by MATLAB software. Figure 3 
shows the implementation of  the data collection unit and receiving unit, and 
Figure 4 displays a screenshot of  the MATLAB application. This application 
has an option to visualize the data and also to save the data in an excel file. 
Finally, this data collection system is utilized to develop the data set of  the 
Arabic alphabets written in the air. Each Arabic letter was written ten times 
in the air by five different persons who were holding the data collection unit 
in hand. The data was consistently saved in an Excel file i.e. data has been 
taken 25 times for each Arabic character. The strokes of  the Arabic alphabet 
during air-writing to prepare the data set are shown in Table I. 

Figure 3
Implementation of  (a) data collection unit and (b) receiver unit.

Figure 4
MATLAB application to receive and visualize air-writing data.

Table I
Proposed strokes of  Arabic character in air-writing.

N.B. dot (⯄) indicates the start and triangle (⯈) indicated the end of  a stroke.

Since there are 30 letters (including    and     ) in Arabic, therefore in total 750 
instances were taken in the data set. The length of  each air-writing instance 
is 2 seconds where the sampling rate of  reading the acceleration data is 128 
Hz and each sample is an 8-bit signed number (value ranges from -128 to 
127). Thus, we can represent the data of  air writing of  a character 
(sometimes referred as an instance) in the data set as shown in Eq. (1). Here, 
x, y, and z are three vectors of  length 256 each and carry the information of  
the hand motion towards x, y, and z-axes respectively during air-writing.

 

3.2 Data preprocessing
Data preprocessing is a crucial stage to prepare it for the extraction of  
valuable insights for a machine learning model. Sometimes, real-world data 

has noise, missing values, or the data is in an improper format that prevents 
it from being easily incorporated into machine learning models. In this 
application, during air writing, the sensor's disturbances and the users' 
unintentional trembling invariably contaminate the measured signals with 
high-frequency noise. Smoothing operation on data can remove this 
high-frequency noise. A leaky integrator is a smoothing filter which has a low 
computational cost compared to other smoothing filters (Kader, M. A., 
Hasan, M. J., Emon, M. A. I., Karim, A., Mahmud, S., & Tahsin, T., 2022). 
Therefore, a leaky integrator is used in this application. The smoothing 
operation is performed by using Eq. (2) to Eq. (4).

Here, n indicates the sample position, and    is a constant which ranges from 
0 to 1. The closer the value of     to 1, the greater the smoothing (Vetterli, M., 
2014). 
 The fact that the samples of  x, y, and z are not in the same range for the 
air writing of  various Arabic characters is another significant issue. It may 
confuse the machine learning models that employ distance as a metric in 
decision-making since variables do not contribute evenly to a distance 
calculation. The standardization or normalization process is a solution to this 
problem. The concept of  putting different variables on the same scale is 
known as standardization and this idea allows us to compare scores from 
several ranges of  variables. Standardization can be accomplished in a variety 
of  ways. The z-score normalization procedure is employed in this work. This 
is the process of  converting every value in a dataset with an average of  0 and 
a standard deviation of  1. Eq. (5) to Eq. (7) are used to normalize the data of  
hand movement along the x, y, and z-axis respectively, where n indicates 
sample position and N is the total number of  samples.
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1.    Introduction 
Nowadays, people input text or commands through touch screens or 
keyboards on digital devices. However, with the advent of  Virtual Reality and 
Augmented Reality, it is predicted that in the near future, individuals will be 
able to access digital content through a simple pair of  eyeglasses (Yin, Xie, 
Gu, Lu & Lu, 2019). This innovation eliminates the need to carry items like 
mobile phones and laptops. Nevertheless, a challenge arises concerning text 
input in the absence of  traditional input devices like keyboards or touch 

screens. Voice commands and voice typing are effective ways to address this 
issue. However, in this instance, a new issue appears. Voice typing is not at all 
a good alternative if  you wish to input text while maintaining the privacy in 
public areas, moreover in noisy environment a voice typing is still very 
inefficient. In all scenarios, using air-writing as a text input method on future 
devices can be a smart choice. Writing linguistic symbols or words in a free 
space with hand or finger movements is familiar as "air-writing." People will 
use this method to write in the air, and the writing will be displayed on the 
screen i.e. the text will be received by the digital systems as input. Numerous 
studies on air-writing have already been conducted. However, the majority of  
them discuss air-writing of  English alphabets or words. Arabic air-writing has 
received very little scholarly attention.

Arabic is one of  the Semitic languages and nearly 380 million people 
speak Arabic as their mother language (Kanan, et al., 2019). Moreover, 
Arabic is the language of  the Holy Quran, due to which people of  the 
Muslim religion around the world use this language. Since air-writing is a 
potential way for inputting text to the digital devices in the coming days, 
therefore, in the near future, to increase the use of  Arabic language in the 
digital world, we must develop air-writing model for this language. The main 
goal of  this study is to create an air-writing data set based on motion sensor 
for Arabic characters, and then use that data set to examine the accuracy of  
various supervised machine learning models in recognizing Arabic characters 
in air-writing. There has been a lot of  research on air-writing in several 
languages, where different sensing methods have been applied to identify 
hand gestures. According to the information obtained from reading the 
relevant paper, the research on air-writing can be divided into four groups 
based on the sensing method for detecting hand movements during 
air-writing such as computer vision based, RADAR sensor based, WiFi signal 
based, and motion sensor-based air-writing. Computer vision techniques 
involve using cameras and image processing algorithms to interpret and 
analyze visual data. It has high accuracy in detecting and tracking hand 
movements. However, the performance of  this technique can be impacted by 
changes in lighting, and it is also limited in portability because it requires 
cameras or depth sensors (Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019). 
WiFi sensor-based techniques utilize variations in WiFi signal strength caused 
by a user's hand movements to detect air-writing patterns. It is non-invasive 
and can work in various lighting conditions. However, this method has less 
accuracy compared to computer vision or other methods, and performance 
is affected by the presence of  obstacles or interference in the WiFi signal 
(Yin, Xie, Gu, Lu, & Lu, 2019). RADAR (Radio Detection and Ranging) 

sensor-based air-writing techniques employ radio waves to detect hand 
movements and translate them into text or commands. This method is 
suitable to work in various lighting conditions, including darkness, however, 
it requires specialized RADAR hardware, making it less accessible (Arsalan, 
& Santra, 2019). Motion sensor-based air-writing techniques use 
accelerometers, gyroscopes, or inertial measurement units (IMUs) to detect 
and track hand movements. This method is able to recognize gestures with 
high accuracy in any environment. It can be implemented using small and 
portable devices without using a specialized hardware setup like a camera or 
RADAR sensor (Amma, Georgi, & Schultz, 2014). The motion sensor-based 
air-writing method appeared to be the most useful, according to the 
discussion in the preview. On English air-writing, a lot of  earlier work has 
been done using these techniques. There is also some research on air-writing 
in other languages. The recognition of  English letters in air-writing has been 
proposed in numerous earlier works (Baig, Fahad Khan, & Beg, 2013; Mall, 
Rani, Khatri, 2021; Vaidya, Pravanth, & Viji, 2022). Some proposed models 
to identify English digits in air-writing was made in several researches (Alam, 
Kwon, Alam, Abbass, Imtiaz, & Kim, 2020; Wang, Su, & Lin, 2015; Roy, 
Ghosh, & Pal, 2018). Additionally, in some research papers (Joseph, Talpade, 
Suvarna, & Mendonca, 2018; Chen, Su, & Chien, 2019; Ghosh, Mitra, 2022; 
Anjaneyulu, Jampaiah, Karthik, & Vijetha, 2017), methods to distinguish 
both English letters and digits in air-writing were suggested. Recognition of  
air-writing based on computer vision of  selected Chinese letters (Zhang, Ye, 
Jin, Feng, & Xu, 2013), Japanese letters (Hayakawa, Goncharenko, & Gu, 
2022), Persian digits (Mohammadi, & Maleki, 2020), and Bengali digits (Roy, 
Ghosh, & Pal, 2018) are proposed in the mentioned research papers. It has 
been found that earlier studies have predominantly identified English 
alphabet and number in air-writing. Air-writing of  Arabic alphabet has not 
been the subject of  any research. 

In this paper, the motion data (acceleration towards x, y, and z axes) of  
hand during air writing of  Arabic characters are used to test different 
supervised machine learning models in the classification of  Arabic characters 
in air-writing. The noteworthy contributions of  this research are as follows-
A data acquisition system is developed to record the data of  hand movement 
during air-writing of  Arabic characters.

A motion sensor-based air-writing data set of  Arabic characters is 
developed.

This data set has been used to train a number of  supervised machine 
learning models, and the performance of  those models has been evaluated.            

The remaining parts of  the article are arranged as follows. The overview 

of  the system is illustrated in Section 2. The methodology, which covers 
gradual development of  the Arabic character recognition system in 
air-writing, is explained in Section 3. Sections 4 is dedicated to discuss the 
experimental results. Conclusion and further work are discussed in Section 6.

2. Overview of  the system 
The main challenge of  this research is to prepare a data set. A data 
acquisition system is developed that can record hand movements in real-time 
in order to prepare the data set. For the machine learning model to be able to 
classify the various Arabic characters in the data set, the acceleration data for 
each character must be distinct. It is ensured by preparing a unique, 
simple-to-move, and memorable strokes for each letter when air-writing.  
Figure 1 represents the complete overview of  the Arabic character 
recognition system in air-writing. The first objective of  this system is to 
construct a data acquisition system to collect the data of  hand movement 
during air writing of  Arabic characters. The user has to carry this unit in 
hand. The data acquisition system consists of  a 3-axis accelerometer sensor. 
The output (acceleration towards x, y, and z axes) of  the accelerometer 
sensor changes with the change of  orientation and acceleration of  the sensor 
while air-writing. The data of  the accelerometer sensor which carries the 
information of  hand movement during air-writing is then transmitted to the 
computer via Bluetooth. An application using MATLAB software is 
developed which receives the air-writing data. The application has the option 
to save data with a label to an excel file. 

Figure 1
Complete Block Diagram of  the System.

The second objective is to use this data acquisition system to prepare a data 
set of  air-writing of  Arabic Characters. While holding the data collecting unit 
in hand, each of  the Arabic alphabet is repeatedly written in the air and a data 
set is created by saving the air-writing data together with a label for each 
instance of  air-writing in an excel file. This data set is then utilized to train 
supervised machine learning models like KNN, SVM, Decision Tree, etc. 
after preprocessing, and the accuracy of  these models in identifying Arabic 
characters is evaluated.

3. Methodology
This section outlines the gradual development of  the Arabic character 
recognition system in air-writing. The development of  the data acquisition 
system and data set, data preprocessing, feature extraction, and training of  
the classification model are addressed in this section.
3.1 Development of  data acquisition system and data set
The data acquisition system's goals are to collect real-time air-writing data for 
preparing an air-writing data set of  Arabic alphabets based on motion sensor 
and to receive data for the real-time recognition of  Arabic air writing. The 
data acquisition system consists of  a data collection unit, receiving unit, and 
an application developed in MATLAB software. Figure 2 displays an overall 
functional diagram of  the data acquisition unit, where dotted blocks 
indicating the various units. The main part of  data collection unit is a 3-axis 
accelerometer (ADXL345). To share data with the microcontroller 
(Microcontroller-1), it follows to the Inter-Integrated Circuit (I2C) 
communication protocol. The data collection unit also has a PUSH button 
and buzzer. Before writing, the user must click the push button. After that 
the buzzer will give an alarm to indicate that the microcontroller has begun 
reading the accelerometer sensor. The user will get two seconds to finish the 
air-writing. The microcontroller then stops reading the accelerometer sensor, 
which will be indicated by the buzzer beeping once again. The air-writing 
data is subsequently transferred over Bluetooth from the data collection unit 
to the receiver unit. 

Figure 2
Overall functional diagram of  data acquisition system.

The receiver unit has two microcontrollers. Data is transferred from one 
microcontroller (Microcontroller-2), which is connected to the data 
acquisition unit via Bluetooth, to another microcontroller 
(Microcontroller-3), which is linked to the computer via USB. Finally, the 
data is received by an application developed by MATLAB software. Figure 3 
shows the implementation of  the data collection unit and receiving unit, and 
Figure 4 displays a screenshot of  the MATLAB application. This application 
has an option to visualize the data and also to save the data in an excel file. 
Finally, this data collection system is utilized to develop the data set of  the 
Arabic alphabets written in the air. Each Arabic letter was written ten times 
in the air by five different persons who were holding the data collection unit 
in hand. The data was consistently saved in an Excel file i.e. data has been 
taken 25 times for each Arabic character. The strokes of  the Arabic alphabet 
during air-writing to prepare the data set are shown in Table I. 

Figure 3
Implementation of  (a) data collection unit and (b) receiver unit.

Figure 4
MATLAB application to receive and visualize air-writing data.

Table I
Proposed strokes of  Arabic character in air-writing.

N.B. dot (⯄) indicates the start and triangle (⯈) indicated the end of  a stroke.

Since there are 30 letters (including    and     ) in Arabic, therefore in total 750 
instances were taken in the data set. The length of  each air-writing instance 
is 2 seconds where the sampling rate of  reading the acceleration data is 128 
Hz and each sample is an 8-bit signed number (value ranges from -128 to 
127). Thus, we can represent the data of  air writing of  a character 
(sometimes referred as an instance) in the data set as shown in Eq. (1). Here, 
x, y, and z are three vectors of  length 256 each and carry the information of  
the hand motion towards x, y, and z-axes respectively during air-writing.

 

3.2 Data preprocessing
Data preprocessing is a crucial stage to prepare it for the extraction of  
valuable insights for a machine learning model. Sometimes, real-world data 

has noise, missing values, or the data is in an improper format that prevents 
it from being easily incorporated into machine learning models. In this 
application, during air writing, the sensor's disturbances and the users' 
unintentional trembling invariably contaminate the measured signals with 
high-frequency noise. Smoothing operation on data can remove this 
high-frequency noise. A leaky integrator is a smoothing filter which has a low 
computational cost compared to other smoothing filters (Kader, M. A., 
Hasan, M. J., Emon, M. A. I., Karim, A., Mahmud, S., & Tahsin, T., 2022). 
Therefore, a leaky integrator is used in this application. The smoothing 
operation is performed by using Eq. (2) to Eq. (4).

Here, n indicates the sample position, and    is a constant which ranges from 
0 to 1. The closer the value of     to 1, the greater the smoothing (Vetterli, M., 
2014). 
 The fact that the samples of  x, y, and z are not in the same range for the 
air writing of  various Arabic characters is another significant issue. It may 
confuse the machine learning models that employ distance as a metric in 
decision-making since variables do not contribute evenly to a distance 
calculation. The standardization or normalization process is a solution to this 
problem. The concept of  putting different variables on the same scale is 
known as standardization and this idea allows us to compare scores from 
several ranges of  variables. Standardization can be accomplished in a variety 
of  ways. The z-score normalization procedure is employed in this work. This 
is the process of  converting every value in a dataset with an average of  0 and 
a standard deviation of  1. Eq. (5) to Eq. (7) are used to normalize the data of  
hand movement along the x, y, and z-axis respectively, where n indicates 
sample position and N is the total number of  samples.
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1.    Introduction 
Nowadays, people input text or commands through touch screens or 
keyboards on digital devices. However, with the advent of  Virtual Reality and 
Augmented Reality, it is predicted that in the near future, individuals will be 
able to access digital content through a simple pair of  eyeglasses (Yin, Xie, 
Gu, Lu & Lu, 2019). This innovation eliminates the need to carry items like 
mobile phones and laptops. Nevertheless, a challenge arises concerning text 
input in the absence of  traditional input devices like keyboards or touch 

screens. Voice commands and voice typing are effective ways to address this 
issue. However, in this instance, a new issue appears. Voice typing is not at all 
a good alternative if  you wish to input text while maintaining the privacy in 
public areas, moreover in noisy environment a voice typing is still very 
inefficient. In all scenarios, using air-writing as a text input method on future 
devices can be a smart choice. Writing linguistic symbols or words in a free 
space with hand or finger movements is familiar as "air-writing." People will 
use this method to write in the air, and the writing will be displayed on the 
screen i.e. the text will be received by the digital systems as input. Numerous 
studies on air-writing have already been conducted. However, the majority of  
them discuss air-writing of  English alphabets or words. Arabic air-writing has 
received very little scholarly attention.

Arabic is one of  the Semitic languages and nearly 380 million people 
speak Arabic as their mother language (Kanan, et al., 2019). Moreover, 
Arabic is the language of  the Holy Quran, due to which people of  the 
Muslim religion around the world use this language. Since air-writing is a 
potential way for inputting text to the digital devices in the coming days, 
therefore, in the near future, to increase the use of  Arabic language in the 
digital world, we must develop air-writing model for this language. The main 
goal of  this study is to create an air-writing data set based on motion sensor 
for Arabic characters, and then use that data set to examine the accuracy of  
various supervised machine learning models in recognizing Arabic characters 
in air-writing. There has been a lot of  research on air-writing in several 
languages, where different sensing methods have been applied to identify 
hand gestures. According to the information obtained from reading the 
relevant paper, the research on air-writing can be divided into four groups 
based on the sensing method for detecting hand movements during 
air-writing such as computer vision based, RADAR sensor based, WiFi signal 
based, and motion sensor-based air-writing. Computer vision techniques 
involve using cameras and image processing algorithms to interpret and 
analyze visual data. It has high accuracy in detecting and tracking hand 
movements. However, the performance of  this technique can be impacted by 
changes in lighting, and it is also limited in portability because it requires 
cameras or depth sensors (Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019). 
WiFi sensor-based techniques utilize variations in WiFi signal strength caused 
by a user's hand movements to detect air-writing patterns. It is non-invasive 
and can work in various lighting conditions. However, this method has less 
accuracy compared to computer vision or other methods, and performance 
is affected by the presence of  obstacles or interference in the WiFi signal 
(Yin, Xie, Gu, Lu, & Lu, 2019). RADAR (Radio Detection and Ranging) 

sensor-based air-writing techniques employ radio waves to detect hand 
movements and translate them into text or commands. This method is 
suitable to work in various lighting conditions, including darkness, however, 
it requires specialized RADAR hardware, making it less accessible (Arsalan, 
& Santra, 2019). Motion sensor-based air-writing techniques use 
accelerometers, gyroscopes, or inertial measurement units (IMUs) to detect 
and track hand movements. This method is able to recognize gestures with 
high accuracy in any environment. It can be implemented using small and 
portable devices without using a specialized hardware setup like a camera or 
RADAR sensor (Amma, Georgi, & Schultz, 2014). The motion sensor-based 
air-writing method appeared to be the most useful, according to the 
discussion in the preview. On English air-writing, a lot of  earlier work has 
been done using these techniques. There is also some research on air-writing 
in other languages. The recognition of  English letters in air-writing has been 
proposed in numerous earlier works (Baig, Fahad Khan, & Beg, 2013; Mall, 
Rani, Khatri, 2021; Vaidya, Pravanth, & Viji, 2022). Some proposed models 
to identify English digits in air-writing was made in several researches (Alam, 
Kwon, Alam, Abbass, Imtiaz, & Kim, 2020; Wang, Su, & Lin, 2015; Roy, 
Ghosh, & Pal, 2018). Additionally, in some research papers (Joseph, Talpade, 
Suvarna, & Mendonca, 2018; Chen, Su, & Chien, 2019; Ghosh, Mitra, 2022; 
Anjaneyulu, Jampaiah, Karthik, & Vijetha, 2017), methods to distinguish 
both English letters and digits in air-writing were suggested. Recognition of  
air-writing based on computer vision of  selected Chinese letters (Zhang, Ye, 
Jin, Feng, & Xu, 2013), Japanese letters (Hayakawa, Goncharenko, & Gu, 
2022), Persian digits (Mohammadi, & Maleki, 2020), and Bengali digits (Roy, 
Ghosh, & Pal, 2018) are proposed in the mentioned research papers. It has 
been found that earlier studies have predominantly identified English 
alphabet and number in air-writing. Air-writing of  Arabic alphabet has not 
been the subject of  any research. 

In this paper, the motion data (acceleration towards x, y, and z axes) of  
hand during air writing of  Arabic characters are used to test different 
supervised machine learning models in the classification of  Arabic characters 
in air-writing. The noteworthy contributions of  this research are as follows-
A data acquisition system is developed to record the data of  hand movement 
during air-writing of  Arabic characters.

A motion sensor-based air-writing data set of  Arabic characters is 
developed.

This data set has been used to train a number of  supervised machine 
learning models, and the performance of  those models has been evaluated.            

The remaining parts of  the article are arranged as follows. The overview 

of  the system is illustrated in Section 2. The methodology, which covers 
gradual development of  the Arabic character recognition system in 
air-writing, is explained in Section 3. Sections 4 is dedicated to discuss the 
experimental results. Conclusion and further work are discussed in Section 6.

2. Overview of  the system 
The main challenge of  this research is to prepare a data set. A data 
acquisition system is developed that can record hand movements in real-time 
in order to prepare the data set. For the machine learning model to be able to 
classify the various Arabic characters in the data set, the acceleration data for 
each character must be distinct. It is ensured by preparing a unique, 
simple-to-move, and memorable strokes for each letter when air-writing.  
Figure 1 represents the complete overview of  the Arabic character 
recognition system in air-writing. The first objective of  this system is to 
construct a data acquisition system to collect the data of  hand movement 
during air writing of  Arabic characters. The user has to carry this unit in 
hand. The data acquisition system consists of  a 3-axis accelerometer sensor. 
The output (acceleration towards x, y, and z axes) of  the accelerometer 
sensor changes with the change of  orientation and acceleration of  the sensor 
while air-writing. The data of  the accelerometer sensor which carries the 
information of  hand movement during air-writing is then transmitted to the 
computer via Bluetooth. An application using MATLAB software is 
developed which receives the air-writing data. The application has the option 
to save data with a label to an excel file. 

Figure 1
Complete Block Diagram of  the System.

The second objective is to use this data acquisition system to prepare a data 
set of  air-writing of  Arabic Characters. While holding the data collecting unit 
in hand, each of  the Arabic alphabet is repeatedly written in the air and a data 
set is created by saving the air-writing data together with a label for each 
instance of  air-writing in an excel file. This data set is then utilized to train 
supervised machine learning models like KNN, SVM, Decision Tree, etc. 
after preprocessing, and the accuracy of  these models in identifying Arabic 
characters is evaluated.

3. Methodology
This section outlines the gradual development of  the Arabic character 
recognition system in air-writing. The development of  the data acquisition 
system and data set, data preprocessing, feature extraction, and training of  
the classification model are addressed in this section.
3.1 Development of  data acquisition system and data set
The data acquisition system's goals are to collect real-time air-writing data for 
preparing an air-writing data set of  Arabic alphabets based on motion sensor 
and to receive data for the real-time recognition of  Arabic air writing. The 
data acquisition system consists of  a data collection unit, receiving unit, and 
an application developed in MATLAB software. Figure 2 displays an overall 
functional diagram of  the data acquisition unit, where dotted blocks 
indicating the various units. The main part of  data collection unit is a 3-axis 
accelerometer (ADXL345). To share data with the microcontroller 
(Microcontroller-1), it follows to the Inter-Integrated Circuit (I2C) 
communication protocol. The data collection unit also has a PUSH button 
and buzzer. Before writing, the user must click the push button. After that 
the buzzer will give an alarm to indicate that the microcontroller has begun 
reading the accelerometer sensor. The user will get two seconds to finish the 
air-writing. The microcontroller then stops reading the accelerometer sensor, 
which will be indicated by the buzzer beeping once again. The air-writing 
data is subsequently transferred over Bluetooth from the data collection unit 
to the receiver unit. 

Figure 2
Overall functional diagram of  data acquisition system.

The receiver unit has two microcontrollers. Data is transferred from one 
microcontroller (Microcontroller-2), which is connected to the data 
acquisition unit via Bluetooth, to another microcontroller 
(Microcontroller-3), which is linked to the computer via USB. Finally, the 
data is received by an application developed by MATLAB software. Figure 3 
shows the implementation of  the data collection unit and receiving unit, and 
Figure 4 displays a screenshot of  the MATLAB application. This application 
has an option to visualize the data and also to save the data in an excel file. 
Finally, this data collection system is utilized to develop the data set of  the 
Arabic alphabets written in the air. Each Arabic letter was written ten times 
in the air by five different persons who were holding the data collection unit 
in hand. The data was consistently saved in an Excel file i.e. data has been 
taken 25 times for each Arabic character. The strokes of  the Arabic alphabet 
during air-writing to prepare the data set are shown in Table I. 

Figure 3
Implementation of  (a) data collection unit and (b) receiver unit.

Figure 4
MATLAB application to receive and visualize air-writing data.

Table I
Proposed strokes of  Arabic character in air-writing.

N.B. dot (⯄) indicates the start and triangle (⯈) indicated the end of  a stroke.

Since there are 30 letters (including    and     ) in Arabic, therefore in total 750 
instances were taken in the data set. The length of  each air-writing instance 
is 2 seconds where the sampling rate of  reading the acceleration data is 128 
Hz and each sample is an 8-bit signed number (value ranges from -128 to 
127). Thus, we can represent the data of  air writing of  a character 
(sometimes referred as an instance) in the data set as shown in Eq. (1). Here, 
x, y, and z are three vectors of  length 256 each and carry the information of  
the hand motion towards x, y, and z-axes respectively during air-writing.

 

3.2 Data preprocessing
Data preprocessing is a crucial stage to prepare it for the extraction of  
valuable insights for a machine learning model. Sometimes, real-world data 

has noise, missing values, or the data is in an improper format that prevents 
it from being easily incorporated into machine learning models. In this 
application, during air writing, the sensor's disturbances and the users' 
unintentional trembling invariably contaminate the measured signals with 
high-frequency noise. Smoothing operation on data can remove this 
high-frequency noise. A leaky integrator is a smoothing filter which has a low 
computational cost compared to other smoothing filters (Kader, M. A., 
Hasan, M. J., Emon, M. A. I., Karim, A., Mahmud, S., & Tahsin, T., 2022). 
Therefore, a leaky integrator is used in this application. The smoothing 
operation is performed by using Eq. (2) to Eq. (4).

Here, n indicates the sample position, and    is a constant which ranges from 
0 to 1. The closer the value of     to 1, the greater the smoothing (Vetterli, M., 
2014). 
 The fact that the samples of  x, y, and z are not in the same range for the 
air writing of  various Arabic characters is another significant issue. It may 
confuse the machine learning models that employ distance as a metric in 
decision-making since variables do not contribute evenly to a distance 
calculation. The standardization or normalization process is a solution to this 
problem. The concept of  putting different variables on the same scale is 
known as standardization and this idea allows us to compare scores from 
several ranges of  variables. Standardization can be accomplished in a variety 
of  ways. The z-score normalization procedure is employed in this work. This 
is the process of  converting every value in a dataset with an average of  0 and 
a standard deviation of  1. Eq. (5) to Eq. (7) are used to normalize the data of  
hand movement along the x, y, and z-axis respectively, where n indicates 
sample position and N is the total number of  samples.
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1.    Introduction 
Nowadays, people input text or commands through touch screens or 
keyboards on digital devices. However, with the advent of  Virtual Reality and 
Augmented Reality, it is predicted that in the near future, individuals will be 
able to access digital content through a simple pair of  eyeglasses (Yin, Xie, 
Gu, Lu & Lu, 2019). This innovation eliminates the need to carry items like 
mobile phones and laptops. Nevertheless, a challenge arises concerning text 
input in the absence of  traditional input devices like keyboards or touch 

screens. Voice commands and voice typing are effective ways to address this 
issue. However, in this instance, a new issue appears. Voice typing is not at all 
a good alternative if  you wish to input text while maintaining the privacy in 
public areas, moreover in noisy environment a voice typing is still very 
inefficient. In all scenarios, using air-writing as a text input method on future 
devices can be a smart choice. Writing linguistic symbols or words in a free 
space with hand or finger movements is familiar as "air-writing." People will 
use this method to write in the air, and the writing will be displayed on the 
screen i.e. the text will be received by the digital systems as input. Numerous 
studies on air-writing have already been conducted. However, the majority of  
them discuss air-writing of  English alphabets or words. Arabic air-writing has 
received very little scholarly attention.

Arabic is one of  the Semitic languages and nearly 380 million people 
speak Arabic as their mother language (Kanan, et al., 2019). Moreover, 
Arabic is the language of  the Holy Quran, due to which people of  the 
Muslim religion around the world use this language. Since air-writing is a 
potential way for inputting text to the digital devices in the coming days, 
therefore, in the near future, to increase the use of  Arabic language in the 
digital world, we must develop air-writing model for this language. The main 
goal of  this study is to create an air-writing data set based on motion sensor 
for Arabic characters, and then use that data set to examine the accuracy of  
various supervised machine learning models in recognizing Arabic characters 
in air-writing. There has been a lot of  research on air-writing in several 
languages, where different sensing methods have been applied to identify 
hand gestures. According to the information obtained from reading the 
relevant paper, the research on air-writing can be divided into four groups 
based on the sensing method for detecting hand movements during 
air-writing such as computer vision based, RADAR sensor based, WiFi signal 
based, and motion sensor-based air-writing. Computer vision techniques 
involve using cameras and image processing algorithms to interpret and 
analyze visual data. It has high accuracy in detecting and tracking hand 
movements. However, the performance of  this technique can be impacted by 
changes in lighting, and it is also limited in portability because it requires 
cameras or depth sensors (Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019). 
WiFi sensor-based techniques utilize variations in WiFi signal strength caused 
by a user's hand movements to detect air-writing patterns. It is non-invasive 
and can work in various lighting conditions. However, this method has less 
accuracy compared to computer vision or other methods, and performance 
is affected by the presence of  obstacles or interference in the WiFi signal 
(Yin, Xie, Gu, Lu, & Lu, 2019). RADAR (Radio Detection and Ranging) 

sensor-based air-writing techniques employ radio waves to detect hand 
movements and translate them into text or commands. This method is 
suitable to work in various lighting conditions, including darkness, however, 
it requires specialized RADAR hardware, making it less accessible (Arsalan, 
& Santra, 2019). Motion sensor-based air-writing techniques use 
accelerometers, gyroscopes, or inertial measurement units (IMUs) to detect 
and track hand movements. This method is able to recognize gestures with 
high accuracy in any environment. It can be implemented using small and 
portable devices without using a specialized hardware setup like a camera or 
RADAR sensor (Amma, Georgi, & Schultz, 2014). The motion sensor-based 
air-writing method appeared to be the most useful, according to the 
discussion in the preview. On English air-writing, a lot of  earlier work has 
been done using these techniques. There is also some research on air-writing 
in other languages. The recognition of  English letters in air-writing has been 
proposed in numerous earlier works (Baig, Fahad Khan, & Beg, 2013; Mall, 
Rani, Khatri, 2021; Vaidya, Pravanth, & Viji, 2022). Some proposed models 
to identify English digits in air-writing was made in several researches (Alam, 
Kwon, Alam, Abbass, Imtiaz, & Kim, 2020; Wang, Su, & Lin, 2015; Roy, 
Ghosh, & Pal, 2018). Additionally, in some research papers (Joseph, Talpade, 
Suvarna, & Mendonca, 2018; Chen, Su, & Chien, 2019; Ghosh, Mitra, 2022; 
Anjaneyulu, Jampaiah, Karthik, & Vijetha, 2017), methods to distinguish 
both English letters and digits in air-writing were suggested. Recognition of  
air-writing based on computer vision of  selected Chinese letters (Zhang, Ye, 
Jin, Feng, & Xu, 2013), Japanese letters (Hayakawa, Goncharenko, & Gu, 
2022), Persian digits (Mohammadi, & Maleki, 2020), and Bengali digits (Roy, 
Ghosh, & Pal, 2018) are proposed in the mentioned research papers. It has 
been found that earlier studies have predominantly identified English 
alphabet and number in air-writing. Air-writing of  Arabic alphabet has not 
been the subject of  any research. 

In this paper, the motion data (acceleration towards x, y, and z axes) of  
hand during air writing of  Arabic characters are used to test different 
supervised machine learning models in the classification of  Arabic characters 
in air-writing. The noteworthy contributions of  this research are as follows-
A data acquisition system is developed to record the data of  hand movement 
during air-writing of  Arabic characters.

A motion sensor-based air-writing data set of  Arabic characters is 
developed.

This data set has been used to train a number of  supervised machine 
learning models, and the performance of  those models has been evaluated.            

The remaining parts of  the article are arranged as follows. The overview 

of  the system is illustrated in Section 2. The methodology, which covers 
gradual development of  the Arabic character recognition system in 
air-writing, is explained in Section 3. Sections 4 is dedicated to discuss the 
experimental results. Conclusion and further work are discussed in Section 6.

2. Overview of  the system 
The main challenge of  this research is to prepare a data set. A data 
acquisition system is developed that can record hand movements in real-time 
in order to prepare the data set. For the machine learning model to be able to 
classify the various Arabic characters in the data set, the acceleration data for 
each character must be distinct. It is ensured by preparing a unique, 
simple-to-move, and memorable strokes for each letter when air-writing.  
Figure 1 represents the complete overview of  the Arabic character 
recognition system in air-writing. The first objective of  this system is to 
construct a data acquisition system to collect the data of  hand movement 
during air writing of  Arabic characters. The user has to carry this unit in 
hand. The data acquisition system consists of  a 3-axis accelerometer sensor. 
The output (acceleration towards x, y, and z axes) of  the accelerometer 
sensor changes with the change of  orientation and acceleration of  the sensor 
while air-writing. The data of  the accelerometer sensor which carries the 
information of  hand movement during air-writing is then transmitted to the 
computer via Bluetooth. An application using MATLAB software is 
developed which receives the air-writing data. The application has the option 
to save data with a label to an excel file. 

Figure 1
Complete Block Diagram of  the System.

The second objective is to use this data acquisition system to prepare a data 
set of  air-writing of  Arabic Characters. While holding the data collecting unit 
in hand, each of  the Arabic alphabet is repeatedly written in the air and a data 
set is created by saving the air-writing data together with a label for each 
instance of  air-writing in an excel file. This data set is then utilized to train 
supervised machine learning models like KNN, SVM, Decision Tree, etc. 
after preprocessing, and the accuracy of  these models in identifying Arabic 
characters is evaluated.

3. Methodology
This section outlines the gradual development of  the Arabic character 
recognition system in air-writing. The development of  the data acquisition 
system and data set, data preprocessing, feature extraction, and training of  
the classification model are addressed in this section.
3.1 Development of  data acquisition system and data set
The data acquisition system's goals are to collect real-time air-writing data for 
preparing an air-writing data set of  Arabic alphabets based on motion sensor 
and to receive data for the real-time recognition of  Arabic air writing. The 
data acquisition system consists of  a data collection unit, receiving unit, and 
an application developed in MATLAB software. Figure 2 displays an overall 
functional diagram of  the data acquisition unit, where dotted blocks 
indicating the various units. The main part of  data collection unit is a 3-axis 
accelerometer (ADXL345). To share data with the microcontroller 
(Microcontroller-1), it follows to the Inter-Integrated Circuit (I2C) 
communication protocol. The data collection unit also has a PUSH button 
and buzzer. Before writing, the user must click the push button. After that 
the buzzer will give an alarm to indicate that the microcontroller has begun 
reading the accelerometer sensor. The user will get two seconds to finish the 
air-writing. The microcontroller then stops reading the accelerometer sensor, 
which will be indicated by the buzzer beeping once again. The air-writing 
data is subsequently transferred over Bluetooth from the data collection unit 
to the receiver unit. 

Figure 2
Overall functional diagram of  data acquisition system.

The receiver unit has two microcontrollers. Data is transferred from one 
microcontroller (Microcontroller-2), which is connected to the data 
acquisition unit via Bluetooth, to another microcontroller 
(Microcontroller-3), which is linked to the computer via USB. Finally, the 
data is received by an application developed by MATLAB software. Figure 3 
shows the implementation of  the data collection unit and receiving unit, and 
Figure 4 displays a screenshot of  the MATLAB application. This application 
has an option to visualize the data and also to save the data in an excel file. 
Finally, this data collection system is utilized to develop the data set of  the 
Arabic alphabets written in the air. Each Arabic letter was written ten times 
in the air by five different persons who were holding the data collection unit 
in hand. The data was consistently saved in an Excel file i.e. data has been 
taken 25 times for each Arabic character. The strokes of  the Arabic alphabet 
during air-writing to prepare the data set are shown in Table I. 

Figure 3
Implementation of  (a) data collection unit and (b) receiver unit.

Figure 4
MATLAB application to receive and visualize air-writing data.

Table I
Proposed strokes of  Arabic character in air-writing.

N.B. dot (⯄) indicates the start and triangle (⯈) indicated the end of  a stroke.

Since there are 30 letters (including    and     ) in Arabic, therefore in total 750 
instances were taken in the data set. The length of  each air-writing instance 
is 2 seconds where the sampling rate of  reading the acceleration data is 128 
Hz and each sample is an 8-bit signed number (value ranges from -128 to 
127). Thus, we can represent the data of  air writing of  a character 
(sometimes referred as an instance) in the data set as shown in Eq. (1). Here, 
x, y, and z are three vectors of  length 256 each and carry the information of  
the hand motion towards x, y, and z-axes respectively during air-writing.

 

3.2 Data preprocessing
Data preprocessing is a crucial stage to prepare it for the extraction of  
valuable insights for a machine learning model. Sometimes, real-world data 

has noise, missing values, or the data is in an improper format that prevents 
it from being easily incorporated into machine learning models. In this 
application, during air writing, the sensor's disturbances and the users' 
unintentional trembling invariably contaminate the measured signals with 
high-frequency noise. Smoothing operation on data can remove this 
high-frequency noise. A leaky integrator is a smoothing filter which has a low 
computational cost compared to other smoothing filters (Kader, M. A., 
Hasan, M. J., Emon, M. A. I., Karim, A., Mahmud, S., & Tahsin, T., 2022). 
Therefore, a leaky integrator is used in this application. The smoothing 
operation is performed by using Eq. (2) to Eq. (4).

Here, n indicates the sample position, and    is a constant which ranges from 
0 to 1. The closer the value of     to 1, the greater the smoothing (Vetterli, M., 
2014). 
 The fact that the samples of  x, y, and z are not in the same range for the 
air writing of  various Arabic characters is another significant issue. It may 
confuse the machine learning models that employ distance as a metric in 
decision-making since variables do not contribute evenly to a distance 
calculation. The standardization or normalization process is a solution to this 
problem. The concept of  putting different variables on the same scale is 
known as standardization and this idea allows us to compare scores from 
several ranges of  variables. Standardization can be accomplished in a variety 
of  ways. The z-score normalization procedure is employed in this work. This 
is the process of  converting every value in a dataset with an average of  0 and 
a standard deviation of  1. Eq. (5) to Eq. (7) are used to normalize the data of  
hand movement along the x, y, and z-axis respectively, where n indicates 
sample position and N is the total number of  samples.



46        ISSN: 3005-5873

IIUC Journal of  Science and Engineering, Vol.-1, Issue-1, December 2023

1.    Introduction 
Nowadays, people input text or commands through touch screens or 
keyboards on digital devices. However, with the advent of  Virtual Reality and 
Augmented Reality, it is predicted that in the near future, individuals will be 
able to access digital content through a simple pair of  eyeglasses (Yin, Xie, 
Gu, Lu & Lu, 2019). This innovation eliminates the need to carry items like 
mobile phones and laptops. Nevertheless, a challenge arises concerning text 
input in the absence of  traditional input devices like keyboards or touch 

screens. Voice commands and voice typing are effective ways to address this 
issue. However, in this instance, a new issue appears. Voice typing is not at all 
a good alternative if  you wish to input text while maintaining the privacy in 
public areas, moreover in noisy environment a voice typing is still very 
inefficient. In all scenarios, using air-writing as a text input method on future 
devices can be a smart choice. Writing linguistic symbols or words in a free 
space with hand or finger movements is familiar as "air-writing." People will 
use this method to write in the air, and the writing will be displayed on the 
screen i.e. the text will be received by the digital systems as input. Numerous 
studies on air-writing have already been conducted. However, the majority of  
them discuss air-writing of  English alphabets or words. Arabic air-writing has 
received very little scholarly attention.

Arabic is one of  the Semitic languages and nearly 380 million people 
speak Arabic as their mother language (Kanan, et al., 2019). Moreover, 
Arabic is the language of  the Holy Quran, due to which people of  the 
Muslim religion around the world use this language. Since air-writing is a 
potential way for inputting text to the digital devices in the coming days, 
therefore, in the near future, to increase the use of  Arabic language in the 
digital world, we must develop air-writing model for this language. The main 
goal of  this study is to create an air-writing data set based on motion sensor 
for Arabic characters, and then use that data set to examine the accuracy of  
various supervised machine learning models in recognizing Arabic characters 
in air-writing. There has been a lot of  research on air-writing in several 
languages, where different sensing methods have been applied to identify 
hand gestures. According to the information obtained from reading the 
relevant paper, the research on air-writing can be divided into four groups 
based on the sensing method for detecting hand movements during 
air-writing such as computer vision based, RADAR sensor based, WiFi signal 
based, and motion sensor-based air-writing. Computer vision techniques 
involve using cameras and image processing algorithms to interpret and 
analyze visual data. It has high accuracy in detecting and tracking hand 
movements. However, the performance of  this technique can be impacted by 
changes in lighting, and it is also limited in portability because it requires 
cameras or depth sensors (Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019). 
WiFi sensor-based techniques utilize variations in WiFi signal strength caused 
by a user's hand movements to detect air-writing patterns. It is non-invasive 
and can work in various lighting conditions. However, this method has less 
accuracy compared to computer vision or other methods, and performance 
is affected by the presence of  obstacles or interference in the WiFi signal 
(Yin, Xie, Gu, Lu, & Lu, 2019). RADAR (Radio Detection and Ranging) 

sensor-based air-writing techniques employ radio waves to detect hand 
movements and translate them into text or commands. This method is 
suitable to work in various lighting conditions, including darkness, however, 
it requires specialized RADAR hardware, making it less accessible (Arsalan, 
& Santra, 2019). Motion sensor-based air-writing techniques use 
accelerometers, gyroscopes, or inertial measurement units (IMUs) to detect 
and track hand movements. This method is able to recognize gestures with 
high accuracy in any environment. It can be implemented using small and 
portable devices without using a specialized hardware setup like a camera or 
RADAR sensor (Amma, Georgi, & Schultz, 2014). The motion sensor-based 
air-writing method appeared to be the most useful, according to the 
discussion in the preview. On English air-writing, a lot of  earlier work has 
been done using these techniques. There is also some research on air-writing 
in other languages. The recognition of  English letters in air-writing has been 
proposed in numerous earlier works (Baig, Fahad Khan, & Beg, 2013; Mall, 
Rani, Khatri, 2021; Vaidya, Pravanth, & Viji, 2022). Some proposed models 
to identify English digits in air-writing was made in several researches (Alam, 
Kwon, Alam, Abbass, Imtiaz, & Kim, 2020; Wang, Su, & Lin, 2015; Roy, 
Ghosh, & Pal, 2018). Additionally, in some research papers (Joseph, Talpade, 
Suvarna, & Mendonca, 2018; Chen, Su, & Chien, 2019; Ghosh, Mitra, 2022; 
Anjaneyulu, Jampaiah, Karthik, & Vijetha, 2017), methods to distinguish 
both English letters and digits in air-writing were suggested. Recognition of  
air-writing based on computer vision of  selected Chinese letters (Zhang, Ye, 
Jin, Feng, & Xu, 2013), Japanese letters (Hayakawa, Goncharenko, & Gu, 
2022), Persian digits (Mohammadi, & Maleki, 2020), and Bengali digits (Roy, 
Ghosh, & Pal, 2018) are proposed in the mentioned research papers. It has 
been found that earlier studies have predominantly identified English 
alphabet and number in air-writing. Air-writing of  Arabic alphabet has not 
been the subject of  any research. 

In this paper, the motion data (acceleration towards x, y, and z axes) of  
hand during air writing of  Arabic characters are used to test different 
supervised machine learning models in the classification of  Arabic characters 
in air-writing. The noteworthy contributions of  this research are as follows-
A data acquisition system is developed to record the data of  hand movement 
during air-writing of  Arabic characters.

A motion sensor-based air-writing data set of  Arabic characters is 
developed.

This data set has been used to train a number of  supervised machine 
learning models, and the performance of  those models has been evaluated.            

The remaining parts of  the article are arranged as follows. The overview 

of  the system is illustrated in Section 2. The methodology, which covers 
gradual development of  the Arabic character recognition system in 
air-writing, is explained in Section 3. Sections 4 is dedicated to discuss the 
experimental results. Conclusion and further work are discussed in Section 6.

2. Overview of  the system 
The main challenge of  this research is to prepare a data set. A data 
acquisition system is developed that can record hand movements in real-time 
in order to prepare the data set. For the machine learning model to be able to 
classify the various Arabic characters in the data set, the acceleration data for 
each character must be distinct. It is ensured by preparing a unique, 
simple-to-move, and memorable strokes for each letter when air-writing.  
Figure 1 represents the complete overview of  the Arabic character 
recognition system in air-writing. The first objective of  this system is to 
construct a data acquisition system to collect the data of  hand movement 
during air writing of  Arabic characters. The user has to carry this unit in 
hand. The data acquisition system consists of  a 3-axis accelerometer sensor. 
The output (acceleration towards x, y, and z axes) of  the accelerometer 
sensor changes with the change of  orientation and acceleration of  the sensor 
while air-writing. The data of  the accelerometer sensor which carries the 
information of  hand movement during air-writing is then transmitted to the 
computer via Bluetooth. An application using MATLAB software is 
developed which receives the air-writing data. The application has the option 
to save data with a label to an excel file. 

Figure 1
Complete Block Diagram of  the System.

The second objective is to use this data acquisition system to prepare a data 
set of  air-writing of  Arabic Characters. While holding the data collecting unit 
in hand, each of  the Arabic alphabet is repeatedly written in the air and a data 
set is created by saving the air-writing data together with a label for each 
instance of  air-writing in an excel file. This data set is then utilized to train 
supervised machine learning models like KNN, SVM, Decision Tree, etc. 
after preprocessing, and the accuracy of  these models in identifying Arabic 
characters is evaluated.

3. Methodology
This section outlines the gradual development of  the Arabic character 
recognition system in air-writing. The development of  the data acquisition 
system and data set, data preprocessing, feature extraction, and training of  
the classification model are addressed in this section.
3.1 Development of  data acquisition system and data set
The data acquisition system's goals are to collect real-time air-writing data for 
preparing an air-writing data set of  Arabic alphabets based on motion sensor 
and to receive data for the real-time recognition of  Arabic air writing. The 
data acquisition system consists of  a data collection unit, receiving unit, and 
an application developed in MATLAB software. Figure 2 displays an overall 
functional diagram of  the data acquisition unit, where dotted blocks 
indicating the various units. The main part of  data collection unit is a 3-axis 
accelerometer (ADXL345). To share data with the microcontroller 
(Microcontroller-1), it follows to the Inter-Integrated Circuit (I2C) 
communication protocol. The data collection unit also has a PUSH button 
and buzzer. Before writing, the user must click the push button. After that 
the buzzer will give an alarm to indicate that the microcontroller has begun 
reading the accelerometer sensor. The user will get two seconds to finish the 
air-writing. The microcontroller then stops reading the accelerometer sensor, 
which will be indicated by the buzzer beeping once again. The air-writing 
data is subsequently transferred over Bluetooth from the data collection unit 
to the receiver unit. 

Figure 2
Overall functional diagram of  data acquisition system.

The receiver unit has two microcontrollers. Data is transferred from one 
microcontroller (Microcontroller-2), which is connected to the data 
acquisition unit via Bluetooth, to another microcontroller 
(Microcontroller-3), which is linked to the computer via USB. Finally, the 
data is received by an application developed by MATLAB software. Figure 3 
shows the implementation of  the data collection unit and receiving unit, and 
Figure 4 displays a screenshot of  the MATLAB application. This application 
has an option to visualize the data and also to save the data in an excel file. 
Finally, this data collection system is utilized to develop the data set of  the 
Arabic alphabets written in the air. Each Arabic letter was written ten times 
in the air by five different persons who were holding the data collection unit 
in hand. The data was consistently saved in an Excel file i.e. data has been 
taken 25 times for each Arabic character. The strokes of  the Arabic alphabet 
during air-writing to prepare the data set are shown in Table I. 

Figure 3
Implementation of  (a) data collection unit and (b) receiver unit.

Figure 4
MATLAB application to receive and visualize air-writing data.

Table I
Proposed strokes of  Arabic character in air-writing.

N.B. dot (⯄) indicates the start and triangle (⯈) indicated the end of  a stroke.

Since there are 30 letters (including    and     ) in Arabic, therefore in total 750 
instances were taken in the data set. The length of  each air-writing instance 
is 2 seconds where the sampling rate of  reading the acceleration data is 128 
Hz and each sample is an 8-bit signed number (value ranges from -128 to 
127). Thus, we can represent the data of  air writing of  a character 
(sometimes referred as an instance) in the data set as shown in Eq. (1). Here, 
x, y, and z are three vectors of  length 256 each and carry the information of  
the hand motion towards x, y, and z-axes respectively during air-writing.

 

3.2 Data preprocessing
Data preprocessing is a crucial stage to prepare it for the extraction of  
valuable insights for a machine learning model. Sometimes, real-world data 

has noise, missing values, or the data is in an improper format that prevents 
it from being easily incorporated into machine learning models. In this 
application, during air writing, the sensor's disturbances and the users' 
unintentional trembling invariably contaminate the measured signals with 
high-frequency noise. Smoothing operation on data can remove this 
high-frequency noise. A leaky integrator is a smoothing filter which has a low 
computational cost compared to other smoothing filters (Kader, M. A., 
Hasan, M. J., Emon, M. A. I., Karim, A., Mahmud, S., & Tahsin, T., 2022). 
Therefore, a leaky integrator is used in this application. The smoothing 
operation is performed by using Eq. (2) to Eq. (4).

Here, n indicates the sample position, and    is a constant which ranges from 
0 to 1. The closer the value of     to 1, the greater the smoothing (Vetterli, M., 
2014). 
 The fact that the samples of  x, y, and z are not in the same range for the 
air writing of  various Arabic characters is another significant issue. It may 
confuse the machine learning models that employ distance as a metric in 
decision-making since variables do not contribute evenly to a distance 
calculation. The standardization or normalization process is a solution to this 
problem. The concept of  putting different variables on the same scale is 
known as standardization and this idea allows us to compare scores from 
several ranges of  variables. Standardization can be accomplished in a variety 
of  ways. The z-score normalization procedure is employed in this work. This 
is the process of  converting every value in a dataset with an average of  0 and 
a standard deviation of  1. Eq. (5) to Eq. (7) are used to normalize the data of  
hand movement along the x, y, and z-axis respectively, where n indicates 
sample position and N is the total number of  samples.
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1.    Introduction 
Nowadays, people input text or commands through touch screens or 
keyboards on digital devices. However, with the advent of  Virtual Reality and 
Augmented Reality, it is predicted that in the near future, individuals will be 
able to access digital content through a simple pair of  eyeglasses (Yin, Xie, 
Gu, Lu & Lu, 2019). This innovation eliminates the need to carry items like 
mobile phones and laptops. Nevertheless, a challenge arises concerning text 
input in the absence of  traditional input devices like keyboards or touch 

screens. Voice commands and voice typing are effective ways to address this 
issue. However, in this instance, a new issue appears. Voice typing is not at all 
a good alternative if  you wish to input text while maintaining the privacy in 
public areas, moreover in noisy environment a voice typing is still very 
inefficient. In all scenarios, using air-writing as a text input method on future 
devices can be a smart choice. Writing linguistic symbols or words in a free 
space with hand or finger movements is familiar as "air-writing." People will 
use this method to write in the air, and the writing will be displayed on the 
screen i.e. the text will be received by the digital systems as input. Numerous 
studies on air-writing have already been conducted. However, the majority of  
them discuss air-writing of  English alphabets or words. Arabic air-writing has 
received very little scholarly attention.

Arabic is one of  the Semitic languages and nearly 380 million people 
speak Arabic as their mother language (Kanan, et al., 2019). Moreover, 
Arabic is the language of  the Holy Quran, due to which people of  the 
Muslim religion around the world use this language. Since air-writing is a 
potential way for inputting text to the digital devices in the coming days, 
therefore, in the near future, to increase the use of  Arabic language in the 
digital world, we must develop air-writing model for this language. The main 
goal of  this study is to create an air-writing data set based on motion sensor 
for Arabic characters, and then use that data set to examine the accuracy of  
various supervised machine learning models in recognizing Arabic characters 
in air-writing. There has been a lot of  research on air-writing in several 
languages, where different sensing methods have been applied to identify 
hand gestures. According to the information obtained from reading the 
relevant paper, the research on air-writing can be divided into four groups 
based on the sensing method for detecting hand movements during 
air-writing such as computer vision based, RADAR sensor based, WiFi signal 
based, and motion sensor-based air-writing. Computer vision techniques 
involve using cameras and image processing algorithms to interpret and 
analyze visual data. It has high accuracy in detecting and tracking hand 
movements. However, the performance of  this technique can be impacted by 
changes in lighting, and it is also limited in portability because it requires 
cameras or depth sensors (Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019). 
WiFi sensor-based techniques utilize variations in WiFi signal strength caused 
by a user's hand movements to detect air-writing patterns. It is non-invasive 
and can work in various lighting conditions. However, this method has less 
accuracy compared to computer vision or other methods, and performance 
is affected by the presence of  obstacles or interference in the WiFi signal 
(Yin, Xie, Gu, Lu, & Lu, 2019). RADAR (Radio Detection and Ranging) 

sensor-based air-writing techniques employ radio waves to detect hand 
movements and translate them into text or commands. This method is 
suitable to work in various lighting conditions, including darkness, however, 
it requires specialized RADAR hardware, making it less accessible (Arsalan, 
& Santra, 2019). Motion sensor-based air-writing techniques use 
accelerometers, gyroscopes, or inertial measurement units (IMUs) to detect 
and track hand movements. This method is able to recognize gestures with 
high accuracy in any environment. It can be implemented using small and 
portable devices without using a specialized hardware setup like a camera or 
RADAR sensor (Amma, Georgi, & Schultz, 2014). The motion sensor-based 
air-writing method appeared to be the most useful, according to the 
discussion in the preview. On English air-writing, a lot of  earlier work has 
been done using these techniques. There is also some research on air-writing 
in other languages. The recognition of  English letters in air-writing has been 
proposed in numerous earlier works (Baig, Fahad Khan, & Beg, 2013; Mall, 
Rani, Khatri, 2021; Vaidya, Pravanth, & Viji, 2022). Some proposed models 
to identify English digits in air-writing was made in several researches (Alam, 
Kwon, Alam, Abbass, Imtiaz, & Kim, 2020; Wang, Su, & Lin, 2015; Roy, 
Ghosh, & Pal, 2018). Additionally, in some research papers (Joseph, Talpade, 
Suvarna, & Mendonca, 2018; Chen, Su, & Chien, 2019; Ghosh, Mitra, 2022; 
Anjaneyulu, Jampaiah, Karthik, & Vijetha, 2017), methods to distinguish 
both English letters and digits in air-writing were suggested. Recognition of  
air-writing based on computer vision of  selected Chinese letters (Zhang, Ye, 
Jin, Feng, & Xu, 2013), Japanese letters (Hayakawa, Goncharenko, & Gu, 
2022), Persian digits (Mohammadi, & Maleki, 2020), and Bengali digits (Roy, 
Ghosh, & Pal, 2018) are proposed in the mentioned research papers. It has 
been found that earlier studies have predominantly identified English 
alphabet and number in air-writing. Air-writing of  Arabic alphabet has not 
been the subject of  any research. 

In this paper, the motion data (acceleration towards x, y, and z axes) of  
hand during air writing of  Arabic characters are used to test different 
supervised machine learning models in the classification of  Arabic characters 
in air-writing. The noteworthy contributions of  this research are as follows-
A data acquisition system is developed to record the data of  hand movement 
during air-writing of  Arabic characters.

A motion sensor-based air-writing data set of  Arabic characters is 
developed.

This data set has been used to train a number of  supervised machine 
learning models, and the performance of  those models has been evaluated.            

The remaining parts of  the article are arranged as follows. The overview 

of  the system is illustrated in Section 2. The methodology, which covers 
gradual development of  the Arabic character recognition system in 
air-writing, is explained in Section 3. Sections 4 is dedicated to discuss the 
experimental results. Conclusion and further work are discussed in Section 6.

2. Overview of  the system 
The main challenge of  this research is to prepare a data set. A data 
acquisition system is developed that can record hand movements in real-time 
in order to prepare the data set. For the machine learning model to be able to 
classify the various Arabic characters in the data set, the acceleration data for 
each character must be distinct. It is ensured by preparing a unique, 
simple-to-move, and memorable strokes for each letter when air-writing.  
Figure 1 represents the complete overview of  the Arabic character 
recognition system in air-writing. The first objective of  this system is to 
construct a data acquisition system to collect the data of  hand movement 
during air writing of  Arabic characters. The user has to carry this unit in 
hand. The data acquisition system consists of  a 3-axis accelerometer sensor. 
The output (acceleration towards x, y, and z axes) of  the accelerometer 
sensor changes with the change of  orientation and acceleration of  the sensor 
while air-writing. The data of  the accelerometer sensor which carries the 
information of  hand movement during air-writing is then transmitted to the 
computer via Bluetooth. An application using MATLAB software is 
developed which receives the air-writing data. The application has the option 
to save data with a label to an excel file. 

Figure 1
Complete Block Diagram of  the System.

The second objective is to use this data acquisition system to prepare a data 
set of  air-writing of  Arabic Characters. While holding the data collecting unit 
in hand, each of  the Arabic alphabet is repeatedly written in the air and a data 
set is created by saving the air-writing data together with a label for each 
instance of  air-writing in an excel file. This data set is then utilized to train 
supervised machine learning models like KNN, SVM, Decision Tree, etc. 
after preprocessing, and the accuracy of  these models in identifying Arabic 
characters is evaluated.

3. Methodology
This section outlines the gradual development of  the Arabic character 
recognition system in air-writing. The development of  the data acquisition 
system and data set, data preprocessing, feature extraction, and training of  
the classification model are addressed in this section.
3.1 Development of  data acquisition system and data set
The data acquisition system's goals are to collect real-time air-writing data for 
preparing an air-writing data set of  Arabic alphabets based on motion sensor 
and to receive data for the real-time recognition of  Arabic air writing. The 
data acquisition system consists of  a data collection unit, receiving unit, and 
an application developed in MATLAB software. Figure 2 displays an overall 
functional diagram of  the data acquisition unit, where dotted blocks 
indicating the various units. The main part of  data collection unit is a 3-axis 
accelerometer (ADXL345). To share data with the microcontroller 
(Microcontroller-1), it follows to the Inter-Integrated Circuit (I2C) 
communication protocol. The data collection unit also has a PUSH button 
and buzzer. Before writing, the user must click the push button. After that 
the buzzer will give an alarm to indicate that the microcontroller has begun 
reading the accelerometer sensor. The user will get two seconds to finish the 
air-writing. The microcontroller then stops reading the accelerometer sensor, 
which will be indicated by the buzzer beeping once again. The air-writing 
data is subsequently transferred over Bluetooth from the data collection unit 
to the receiver unit. 

Figure 2
Overall functional diagram of  data acquisition system.

The receiver unit has two microcontrollers. Data is transferred from one 
microcontroller (Microcontroller-2), which is connected to the data 
acquisition unit via Bluetooth, to another microcontroller 
(Microcontroller-3), which is linked to the computer via USB. Finally, the 
data is received by an application developed by MATLAB software. Figure 3 
shows the implementation of  the data collection unit and receiving unit, and 
Figure 4 displays a screenshot of  the MATLAB application. This application 
has an option to visualize the data and also to save the data in an excel file. 
Finally, this data collection system is utilized to develop the data set of  the 
Arabic alphabets written in the air. Each Arabic letter was written ten times 
in the air by five different persons who were holding the data collection unit 
in hand. The data was consistently saved in an Excel file i.e. data has been 
taken 25 times for each Arabic character. The strokes of  the Arabic alphabet 
during air-writing to prepare the data set are shown in Table I. 

Figure 3
Implementation of  (a) data collection unit and (b) receiver unit.

Figure 4
MATLAB application to receive and visualize air-writing data.

Table I
Proposed strokes of  Arabic character in air-writing.

N.B. dot (⯄) indicates the start and triangle (⯈) indicated the end of  a stroke.

Since there are 30 letters (including    and     ) in Arabic, therefore in total 750 
instances were taken in the data set. The length of  each air-writing instance 
is 2 seconds where the sampling rate of  reading the acceleration data is 128 
Hz and each sample is an 8-bit signed number (value ranges from -128 to 
127). Thus, we can represent the data of  air writing of  a character 
(sometimes referred as an instance) in the data set as shown in Eq. (1). Here, 
x, y, and z are three vectors of  length 256 each and carry the information of  
the hand motion towards x, y, and z-axes respectively during air-writing.

 

3.2 Data preprocessing
Data preprocessing is a crucial stage to prepare it for the extraction of  
valuable insights for a machine learning model. Sometimes, real-world data 

has noise, missing values, or the data is in an improper format that prevents 
it from being easily incorporated into machine learning models. In this 
application, during air writing, the sensor's disturbances and the users' 
unintentional trembling invariably contaminate the measured signals with 
high-frequency noise. Smoothing operation on data can remove this 
high-frequency noise. A leaky integrator is a smoothing filter which has a low 
computational cost compared to other smoothing filters (Kader, M. A., 
Hasan, M. J., Emon, M. A. I., Karim, A., Mahmud, S., & Tahsin, T., 2022). 
Therefore, a leaky integrator is used in this application. The smoothing 
operation is performed by using Eq. (2) to Eq. (4).

Here, n indicates the sample position, and    is a constant which ranges from 
0 to 1. The closer the value of     to 1, the greater the smoothing (Vetterli, M., 
2014). 
 The fact that the samples of  x, y, and z are not in the same range for the 
air writing of  various Arabic characters is another significant issue. It may 
confuse the machine learning models that employ distance as a metric in 
decision-making since variables do not contribute evenly to a distance 
calculation. The standardization or normalization process is a solution to this 
problem. The concept of  putting different variables on the same scale is 
known as standardization and this idea allows us to compare scores from 
several ranges of  variables. Standardization can be accomplished in a variety 
of  ways. The z-score normalization procedure is employed in this work. This 
is the process of  converting every value in a dataset with an average of  0 and 
a standard deviation of  1. Eq. (5) to Eq. (7) are used to normalize the data of  
hand movement along the x, y, and z-axis respectively, where n indicates 
sample position and N is the total number of  samples.
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1.    Introduction 
Nowadays, people input text or commands through touch screens or 
keyboards on digital devices. However, with the advent of  Virtual Reality and 
Augmented Reality, it is predicted that in the near future, individuals will be 
able to access digital content through a simple pair of  eyeglasses (Yin, Xie, 
Gu, Lu & Lu, 2019). This innovation eliminates the need to carry items like 
mobile phones and laptops. Nevertheless, a challenge arises concerning text 
input in the absence of  traditional input devices like keyboards or touch 

screens. Voice commands and voice typing are effective ways to address this 
issue. However, in this instance, a new issue appears. Voice typing is not at all 
a good alternative if  you wish to input text while maintaining the privacy in 
public areas, moreover in noisy environment a voice typing is still very 
inefficient. In all scenarios, using air-writing as a text input method on future 
devices can be a smart choice. Writing linguistic symbols or words in a free 
space with hand or finger movements is familiar as "air-writing." People will 
use this method to write in the air, and the writing will be displayed on the 
screen i.e. the text will be received by the digital systems as input. Numerous 
studies on air-writing have already been conducted. However, the majority of  
them discuss air-writing of  English alphabets or words. Arabic air-writing has 
received very little scholarly attention.

Arabic is one of  the Semitic languages and nearly 380 million people 
speak Arabic as their mother language (Kanan, et al., 2019). Moreover, 
Arabic is the language of  the Holy Quran, due to which people of  the 
Muslim religion around the world use this language. Since air-writing is a 
potential way for inputting text to the digital devices in the coming days, 
therefore, in the near future, to increase the use of  Arabic language in the 
digital world, we must develop air-writing model for this language. The main 
goal of  this study is to create an air-writing data set based on motion sensor 
for Arabic characters, and then use that data set to examine the accuracy of  
various supervised machine learning models in recognizing Arabic characters 
in air-writing. There has been a lot of  research on air-writing in several 
languages, where different sensing methods have been applied to identify 
hand gestures. According to the information obtained from reading the 
relevant paper, the research on air-writing can be divided into four groups 
based on the sensing method for detecting hand movements during 
air-writing such as computer vision based, RADAR sensor based, WiFi signal 
based, and motion sensor-based air-writing. Computer vision techniques 
involve using cameras and image processing algorithms to interpret and 
analyze visual data. It has high accuracy in detecting and tracking hand 
movements. However, the performance of  this technique can be impacted by 
changes in lighting, and it is also limited in portability because it requires 
cameras or depth sensors (Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019). 
WiFi sensor-based techniques utilize variations in WiFi signal strength caused 
by a user's hand movements to detect air-writing patterns. It is non-invasive 
and can work in various lighting conditions. However, this method has less 
accuracy compared to computer vision or other methods, and performance 
is affected by the presence of  obstacles or interference in the WiFi signal 
(Yin, Xie, Gu, Lu, & Lu, 2019). RADAR (Radio Detection and Ranging) 

sensor-based air-writing techniques employ radio waves to detect hand 
movements and translate them into text or commands. This method is 
suitable to work in various lighting conditions, including darkness, however, 
it requires specialized RADAR hardware, making it less accessible (Arsalan, 
& Santra, 2019). Motion sensor-based air-writing techniques use 
accelerometers, gyroscopes, or inertial measurement units (IMUs) to detect 
and track hand movements. This method is able to recognize gestures with 
high accuracy in any environment. It can be implemented using small and 
portable devices without using a specialized hardware setup like a camera or 
RADAR sensor (Amma, Georgi, & Schultz, 2014). The motion sensor-based 
air-writing method appeared to be the most useful, according to the 
discussion in the preview. On English air-writing, a lot of  earlier work has 
been done using these techniques. There is also some research on air-writing 
in other languages. The recognition of  English letters in air-writing has been 
proposed in numerous earlier works (Baig, Fahad Khan, & Beg, 2013; Mall, 
Rani, Khatri, 2021; Vaidya, Pravanth, & Viji, 2022). Some proposed models 
to identify English digits in air-writing was made in several researches (Alam, 
Kwon, Alam, Abbass, Imtiaz, & Kim, 2020; Wang, Su, & Lin, 2015; Roy, 
Ghosh, & Pal, 2018). Additionally, in some research papers (Joseph, Talpade, 
Suvarna, & Mendonca, 2018; Chen, Su, & Chien, 2019; Ghosh, Mitra, 2022; 
Anjaneyulu, Jampaiah, Karthik, & Vijetha, 2017), methods to distinguish 
both English letters and digits in air-writing were suggested. Recognition of  
air-writing based on computer vision of  selected Chinese letters (Zhang, Ye, 
Jin, Feng, & Xu, 2013), Japanese letters (Hayakawa, Goncharenko, & Gu, 
2022), Persian digits (Mohammadi, & Maleki, 2020), and Bengali digits (Roy, 
Ghosh, & Pal, 2018) are proposed in the mentioned research papers. It has 
been found that earlier studies have predominantly identified English 
alphabet and number in air-writing. Air-writing of  Arabic alphabet has not 
been the subject of  any research. 

In this paper, the motion data (acceleration towards x, y, and z axes) of  
hand during air writing of  Arabic characters are used to test different 
supervised machine learning models in the classification of  Arabic characters 
in air-writing. The noteworthy contributions of  this research are as follows-
A data acquisition system is developed to record the data of  hand movement 
during air-writing of  Arabic characters.

A motion sensor-based air-writing data set of  Arabic characters is 
developed.

This data set has been used to train a number of  supervised machine 
learning models, and the performance of  those models has been evaluated.            

The remaining parts of  the article are arranged as follows. The overview 

of  the system is illustrated in Section 2. The methodology, which covers 
gradual development of  the Arabic character recognition system in 
air-writing, is explained in Section 3. Sections 4 is dedicated to discuss the 
experimental results. Conclusion and further work are discussed in Section 6.

2. Overview of  the system 
The main challenge of  this research is to prepare a data set. A data 
acquisition system is developed that can record hand movements in real-time 
in order to prepare the data set. For the machine learning model to be able to 
classify the various Arabic characters in the data set, the acceleration data for 
each character must be distinct. It is ensured by preparing a unique, 
simple-to-move, and memorable strokes for each letter when air-writing.  
Figure 1 represents the complete overview of  the Arabic character 
recognition system in air-writing. The first objective of  this system is to 
construct a data acquisition system to collect the data of  hand movement 
during air writing of  Arabic characters. The user has to carry this unit in 
hand. The data acquisition system consists of  a 3-axis accelerometer sensor. 
The output (acceleration towards x, y, and z axes) of  the accelerometer 
sensor changes with the change of  orientation and acceleration of  the sensor 
while air-writing. The data of  the accelerometer sensor which carries the 
information of  hand movement during air-writing is then transmitted to the 
computer via Bluetooth. An application using MATLAB software is 
developed which receives the air-writing data. The application has the option 
to save data with a label to an excel file. 

Figure 1
Complete Block Diagram of  the System.

The second objective is to use this data acquisition system to prepare a data 
set of  air-writing of  Arabic Characters. While holding the data collecting unit 
in hand, each of  the Arabic alphabet is repeatedly written in the air and a data 
set is created by saving the air-writing data together with a label for each 
instance of  air-writing in an excel file. This data set is then utilized to train 
supervised machine learning models like KNN, SVM, Decision Tree, etc. 
after preprocessing, and the accuracy of  these models in identifying Arabic 
characters is evaluated.

3. Methodology
This section outlines the gradual development of  the Arabic character 
recognition system in air-writing. The development of  the data acquisition 
system and data set, data preprocessing, feature extraction, and training of  
the classification model are addressed in this section.
3.1 Development of  data acquisition system and data set
The data acquisition system's goals are to collect real-time air-writing data for 
preparing an air-writing data set of  Arabic alphabets based on motion sensor 
and to receive data for the real-time recognition of  Arabic air writing. The 
data acquisition system consists of  a data collection unit, receiving unit, and 
an application developed in MATLAB software. Figure 2 displays an overall 
functional diagram of  the data acquisition unit, where dotted blocks 
indicating the various units. The main part of  data collection unit is a 3-axis 
accelerometer (ADXL345). To share data with the microcontroller 
(Microcontroller-1), it follows to the Inter-Integrated Circuit (I2C) 
communication protocol. The data collection unit also has a PUSH button 
and buzzer. Before writing, the user must click the push button. After that 
the buzzer will give an alarm to indicate that the microcontroller has begun 
reading the accelerometer sensor. The user will get two seconds to finish the 
air-writing. The microcontroller then stops reading the accelerometer sensor, 
which will be indicated by the buzzer beeping once again. The air-writing 
data is subsequently transferred over Bluetooth from the data collection unit 
to the receiver unit. 

Figure 2
Overall functional diagram of  data acquisition system.

The receiver unit has two microcontrollers. Data is transferred from one 
microcontroller (Microcontroller-2), which is connected to the data 
acquisition unit via Bluetooth, to another microcontroller 
(Microcontroller-3), which is linked to the computer via USB. Finally, the 
data is received by an application developed by MATLAB software. Figure 3 
shows the implementation of  the data collection unit and receiving unit, and 
Figure 4 displays a screenshot of  the MATLAB application. This application 
has an option to visualize the data and also to save the data in an excel file. 
Finally, this data collection system is utilized to develop the data set of  the 
Arabic alphabets written in the air. Each Arabic letter was written ten times 
in the air by five different persons who were holding the data collection unit 
in hand. The data was consistently saved in an Excel file i.e. data has been 
taken 25 times for each Arabic character. The strokes of  the Arabic alphabet 
during air-writing to prepare the data set are shown in Table I. 

Figure 3
Implementation of  (a) data collection unit and (b) receiver unit.

Figure 4
MATLAB application to receive and visualize air-writing data.

Table I
Proposed strokes of  Arabic character in air-writing.

N.B. dot (⯄) indicates the start and triangle (⯈) indicated the end of  a stroke.

Since there are 30 letters (including    and     ) in Arabic, therefore in total 750 
instances were taken in the data set. The length of  each air-writing instance 
is 2 seconds where the sampling rate of  reading the acceleration data is 128 
Hz and each sample is an 8-bit signed number (value ranges from -128 to 
127). Thus, we can represent the data of  air writing of  a character 
(sometimes referred as an instance) in the data set as shown in Eq. (1). Here, 
x, y, and z are three vectors of  length 256 each and carry the information of  
the hand motion towards x, y, and z-axes respectively during air-writing.

 

3.2 Data preprocessing
Data preprocessing is a crucial stage to prepare it for the extraction of  
valuable insights for a machine learning model. Sometimes, real-world data 

has noise, missing values, or the data is in an improper format that prevents 
it from being easily incorporated into machine learning models. In this 
application, during air writing, the sensor's disturbances and the users' 
unintentional trembling invariably contaminate the measured signals with 
high-frequency noise. Smoothing operation on data can remove this 
high-frequency noise. A leaky integrator is a smoothing filter which has a low 
computational cost compared to other smoothing filters (Kader, M. A., 
Hasan, M. J., Emon, M. A. I., Karim, A., Mahmud, S., & Tahsin, T., 2022). 
Therefore, a leaky integrator is used in this application. The smoothing 
operation is performed by using Eq. (2) to Eq. (4).

Here, n indicates the sample position, and    is a constant which ranges from 
0 to 1. The closer the value of     to 1, the greater the smoothing (Vetterli, M., 
2014). 
 The fact that the samples of  x, y, and z are not in the same range for the 
air writing of  various Arabic characters is another significant issue. It may 
confuse the machine learning models that employ distance as a metric in 
decision-making since variables do not contribute evenly to a distance 
calculation. The standardization or normalization process is a solution to this 
problem. The concept of  putting different variables on the same scale is 
known as standardization and this idea allows us to compare scores from 
several ranges of  variables. Standardization can be accomplished in a variety 
of  ways. The z-score normalization procedure is employed in this work. This 
is the process of  converting every value in a dataset with an average of  0 and 
a standard deviation of  1. Eq. (5) to Eq. (7) are used to normalize the data of  
hand movement along the x, y, and z-axis respectively, where n indicates 
sample position and N is the total number of  samples.
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3.3 Feature extraction
A feature is a detail in the data that can be used to make predictions. The 
process of  choosing features is extremely iterative. This could be as simple as 
choosing the appropriate pieces of  data, or it could involve extracting 
features from the data and performing simple/complex statistical 
computations on them. However, a parameter must have variance, be 
random, and be unique in order to be a feature (Michael, 2021). An 
accelerometer sensor-based method for handwritten digit and gesture 
identification is developed by Wang, & Chuang  (2011), where they employed 
statistical analysis and sensor data transformations to identify features from 
the data set. In this study, primarily the parameters mean, standard deviation, 
rms value, correlation among axis, entropy and spectral energy are selected in 
the feature set. However, some parameters have been employed as features, 
which is addressed in the result section, subject to having the properties of  a 
parameter in order to be a feature. The equations  used to calculate the 
features are discussed below. Recall that we had three discrete sequences (x, 
y, and z) at one data instant, where, the sequences represent acceleration of  
hand in x-direction, y-direction, and z-direction respectively during air 
writing. 
The mean of  sequence x denoted by     can be calculated by Eq. (8), where N 
implies the number of  values in x. Similarly, we can calculate the mean of  
sequence y and z.

The standard deviation (STD) is the square root of  the variance. Eq. (9) for 
instance, compute the STD of  the vector x. STD convey the information 
about the scattering of  the values in a data sequence. We can calculate the 
standard deviation of  the sequences y and z in the same way.

Root mean square (rms) of  a sequence is the square root of  the average of  
the square of  all the values in the sequence. For example, the rms value of  
the data vector x is calculated by Eq. (10). 

The rms values of  the sequences y and z can be determined using the same 
equation. 
The correlation between the vectors of  two axis is obtained taking the 
fraction of  the covariance to the product of  standard deviations of  the 
vector. For example, the correlation               of  data x on x-axis and y on 
y-axis is found by Eq. (11), where                  is computed by Eq. (12). Here, 
N implies the size of  data,      and      which are the standard deviations of  
vector x and y, and     and     are the average of  x and y. Similarly, we can 
calculate the correlation of  acceleration between y and z axis              , and z 
and x axis              . 

The entropy of  a discrete sequence is the measure of  dissimilarity or diversity 
of  the samples in that sequence. The entropy Hx of  the sequence x is 
obtained by the Eq. (13). Here, c indicates the number of  interval (R1, R2, . 
. ., Rc) in x; Pi is the probability of  a sample belonging to the interval Rc. In 
similar manner, the entropy Hy and Hz are calculated. 

The sum of  the square of  the Fast Fourier Transform coefficients gives the 
spectral energy of  a sequence. The spectral energy of  a discrete sequence x 
is obtained by Eq. (14), where, N is the size of  the sequence, and         is the     
       FFT coefficient. Similarly, we can compute the energy      of  the sequence 
y and      of  the sequence z.

The list of  selected parameters for feature selection are shown in Table II.

Table II
Description of  the model parameters.

3.4 training of  classification model
The data set developed for Arabic air-writing consists of  labeled data. Such 
labeled data are handled with the supervised learning model in machine 
learning. There are numerous varieties of  supervised learning models, 
including Naive Bayes Classifiers, K-nearest Neighbors (KNN), Support 
Vector Machines (SVM), Decision Trees, etc. In this study, the classification 
accuracy of  various models has been evaluated using a variety of  features 
from the features set that are derived from the data set to determine the best 
suitable supervised learning model for the classification of  Arabic air-written 
characters. Training of  different models and accuracy calculation for 
selecting various features are performed using an application (App) in 
MATLAB name ‘Classification Learner’. The Classification Learner app has 
feature that allows users to train models to classify data. This program allows 
users to do experiment with supervised machine learning using a variety of  
classifiers. An interface of  ‘Classification Learner App’ is shown in Figure 5. 
The app has options to explore data, select features, define validation 
schemes, train models, and evaluate results. It can also perform automatic 
training to find the optimal classification model type, such as support vector 
machines, decision trees, discriminant analysis, logistic regression, closest 
neighbors, naive Bayes, kernel approximation, ensemble classification, and 
neural network classification. The validated model's output is displayed in the 
app. The verified model results are reflected in diagnostic measurements like 
model accuracy and visualizations like a scatter plot or a confusion matrix 
chart. In Classification Learner Application (CLA), a model is trained using 
two validation schemes. K-fold cross-validation is the default method by 
which the app protects against overfitting. Another option is holdout 
validation. Furthermore, there is the option to train a model on all accessible 
data without validation.

Figure 5
Interface of  classification learner App

This study employs k-fold cross-validation with k set to 5. Data is divided by 
the CLA into 5 nearly equal subsets (or folds) at random. Four subsets (20 
instances) are utilized to train the model, and one subset (5 instances) is used 
to validate the model. There are 5 iterations of  this method, with each subset 
being applied for validation exactly once. This allows the use of  every 
instance of  a character as training and testing data. The accuracy of  the 
model is expressed as the mean accuracy over the five folds. 

4. Results and discussions 
Creating an air-writing data set of  Arabic characters based on motion sensor 
is one of  the key objectives of  this research. The data set has been prepared, 
and section 3.1 discusses the details of  how it is developed. The data in the 
data set are raw data; no modifications or processing were made to the data 
before it was added to the data set. However, before extracting features, some 
preprocessing is carried out, such as smoothing and normalization. Figure 
6(a) and 6(b) depict the graphical depiction of  the raw and preprocessed 
air-writing data for the Arabic character 

 

Figure 6
Graphical representation of  the air-writing data of  Arabic character baa(ب) Illustration in (a) Raw sensor 
data, in (b) Preprocessed data (After smoothing and z-score normalization).

“ba (ب)”. As shown by the Figure 6(b), the high-frequency noise and DC 
components are eliminated after preprocessing, and the normalization 
procedure helped to place all of  the samples in the data sequences on the 
same scale. The graphical representation of  air-writing of  all Arabic 
characters after preprocessing are shown in Figure 7. 

Figure 7
Graphical representation of  air-writing data of  all Arabic alphabets

Despite the fact that one character has 25 occurrences obtained from five 
distinct individuals, only one instance of  each character is displayed in the 
illustration. 

For the training of  supervised learning models, six parameters or 
variables are primarily chosen as features. However, in an air-writing instance 
there are three discrete sequences i.e., acceleration towards x-axis, y-axis and 
z-axis (the sequences are represented as x, y, and z in previous sections). As a 
result, there are three features for each parameter. Therefore, 18 features are 
attained from six parameters which are already listed in Table II.  The features 
that have high variance in distinguishing various Arabic characters from air 
writing data are included in the Table II. Now, among the selected features 
there may have some features which are highly correlated to each other. They 
will then have a similar influence on the target variable, and including both in 
the model will be unnecessary. Therefore, we can eliminate one of  them 
without affecting the model's performance. Such redundant features from 
feature set can be identified by analyzing the heatmap of  the covariance of  
different features. Eq. (12) is used to determine the covariance between two 
features.  Figure 8 shows a heatmap illustrating the covariance between 
different features.  The heatmap clearly shows that the mean of  acceleration 
in x-direction () is closely associated with its standard deviation () and spectral 
energy (). As a result, it will not be necessary to include all three features in the 
model because their effects on the target variable will be identical. Only  is 
therefore thought of  as a feature that requires less computation compared to  
and . We can also ignore the parameters standard deviation of  acceleration in 
the y-direction () and entropy of  acceleration in all directions (EntropyX, 
EntropyY, and EntropyZ) for the same reason. It is shown in Figure 9.

Figure 8
Heatmap illustrating the covariance between different features.

The number of  features left after eliminating the redundant feature is 12. 
Various supervised machine learning models are trained using these features. 
The accuracy of  the models and their parameter settings in identifying Arabic 
characters from air writing is reported in Table III. For the developed air 
writing data set of  Arabic characters, it is seen that the majority of  K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM) models exhibit 
outstanding classification accuracy in recognizing Arabic characters from 
air-writing data. Both the medium Gaussian SVM and the fine KNN models 
show maximum accuracy of  98.5%.

Figure 9
Reduction of  highly correlated feature.

Table III
Classification accuracy of  different supervised learning models for the recognition of  air-writing of  Arabic Characters.

The confusion matrix for Fine KNN model is shown in Figure 10. It 
demonstrates that, out of  25 instances, the model correctly classified 23 to 25 
instances for each Arabic character. Figure 11 displays the Fine KNN 
model's accuracy in detecting each individual Arabic character from 
air-writing. The findings of  this research have been compared with some of  
the most recent studies on air-writing for other languages since there was no 
research on Arabic air-writing. The comparison is shown in Table IV. The 
comparison shows that the existing supervised machine learning models 
predict the developed data set for Arabic air-writing more accurately than 
many other models that have been proposed for other languages.

Figure 10
Confusion matrix in recognition of  Arabic characters in air-writing by Fine KNN.
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3.3 Feature extraction
A feature is a detail in the data that can be used to make predictions. The 
process of  choosing features is extremely iterative. This could be as simple as 
choosing the appropriate pieces of  data, or it could involve extracting 
features from the data and performing simple/complex statistical 
computations on them. However, a parameter must have variance, be 
random, and be unique in order to be a feature (Michael, 2021). An 
accelerometer sensor-based method for handwritten digit and gesture 
identification is developed by Wang, & Chuang  (2011), where they employed 
statistical analysis and sensor data transformations to identify features from 
the data set. In this study, primarily the parameters mean, standard deviation, 
rms value, correlation among axis, entropy and spectral energy are selected in 
the feature set. However, some parameters have been employed as features, 
which is addressed in the result section, subject to having the properties of  a 
parameter in order to be a feature. The equations  used to calculate the 
features are discussed below. Recall that we had three discrete sequences (x, 
y, and z) at one data instant, where, the sequences represent acceleration of  
hand in x-direction, y-direction, and z-direction respectively during air 
writing. 
The mean of  sequence x denoted by     can be calculated by Eq. (8), where N 
implies the number of  values in x. Similarly, we can calculate the mean of  
sequence y and z.

The standard deviation (STD) is the square root of  the variance. Eq. (9) for 
instance, compute the STD of  the vector x. STD convey the information 
about the scattering of  the values in a data sequence. We can calculate the 
standard deviation of  the sequences y and z in the same way.

Root mean square (rms) of  a sequence is the square root of  the average of  
the square of  all the values in the sequence. For example, the rms value of  
the data vector x is calculated by Eq. (10). 

The rms values of  the sequences y and z can be determined using the same 
equation. 
The correlation between the vectors of  two axis is obtained taking the 
fraction of  the covariance to the product of  standard deviations of  the 
vector. For example, the correlation               of  data x on x-axis and y on 
y-axis is found by Eq. (11), where                  is computed by Eq. (12). Here, 
N implies the size of  data,      and      which are the standard deviations of  
vector x and y, and     and     are the average of  x and y. Similarly, we can 
calculate the correlation of  acceleration between y and z axis              , and z 
and x axis              . 

The entropy of  a discrete sequence is the measure of  dissimilarity or diversity 
of  the samples in that sequence. The entropy Hx of  the sequence x is 
obtained by the Eq. (13). Here, c indicates the number of  interval (R1, R2, . 
. ., Rc) in x; Pi is the probability of  a sample belonging to the interval Rc. In 
similar manner, the entropy Hy and Hz are calculated. 

The sum of  the square of  the Fast Fourier Transform coefficients gives the 
spectral energy of  a sequence. The spectral energy of  a discrete sequence x 
is obtained by Eq. (14), where, N is the size of  the sequence, and         is the     
       FFT coefficient. Similarly, we can compute the energy      of  the sequence 
y and      of  the sequence z.

The list of  selected parameters for feature selection are shown in Table II.

Table II
Description of  the model parameters.

3.4 training of  classification model
The data set developed for Arabic air-writing consists of  labeled data. Such 
labeled data are handled with the supervised learning model in machine 
learning. There are numerous varieties of  supervised learning models, 
including Naive Bayes Classifiers, K-nearest Neighbors (KNN), Support 
Vector Machines (SVM), Decision Trees, etc. In this study, the classification 
accuracy of  various models has been evaluated using a variety of  features 
from the features set that are derived from the data set to determine the best 
suitable supervised learning model for the classification of  Arabic air-written 
characters. Training of  different models and accuracy calculation for 
selecting various features are performed using an application (App) in 
MATLAB name ‘Classification Learner’. The Classification Learner app has 
feature that allows users to train models to classify data. This program allows 
users to do experiment with supervised machine learning using a variety of  
classifiers. An interface of  ‘Classification Learner App’ is shown in Figure 5. 
The app has options to explore data, select features, define validation 
schemes, train models, and evaluate results. It can also perform automatic 
training to find the optimal classification model type, such as support vector 
machines, decision trees, discriminant analysis, logistic regression, closest 
neighbors, naive Bayes, kernel approximation, ensemble classification, and 
neural network classification. The validated model's output is displayed in the 
app. The verified model results are reflected in diagnostic measurements like 
model accuracy and visualizations like a scatter plot or a confusion matrix 
chart. In Classification Learner Application (CLA), a model is trained using 
two validation schemes. K-fold cross-validation is the default method by 
which the app protects against overfitting. Another option is holdout 
validation. Furthermore, there is the option to train a model on all accessible 
data without validation.

Figure 5
Interface of  classification learner App

This study employs k-fold cross-validation with k set to 5. Data is divided by 
the CLA into 5 nearly equal subsets (or folds) at random. Four subsets (20 
instances) are utilized to train the model, and one subset (5 instances) is used 
to validate the model. There are 5 iterations of  this method, with each subset 
being applied for validation exactly once. This allows the use of  every 
instance of  a character as training and testing data. The accuracy of  the 
model is expressed as the mean accuracy over the five folds. 

4. Results and discussions 
Creating an air-writing data set of  Arabic characters based on motion sensor 
is one of  the key objectives of  this research. The data set has been prepared, 
and section 3.1 discusses the details of  how it is developed. The data in the 
data set are raw data; no modifications or processing were made to the data 
before it was added to the data set. However, before extracting features, some 
preprocessing is carried out, such as smoothing and normalization. Figure 
6(a) and 6(b) depict the graphical depiction of  the raw and preprocessed 
air-writing data for the Arabic character 

 

Figure 6
Graphical representation of  the air-writing data of  Arabic character baa(ب) Illustration in (a) Raw sensor 
data, in (b) Preprocessed data (After smoothing and z-score normalization).

“ba (ب)”. As shown by the Figure 6(b), the high-frequency noise and DC 
components are eliminated after preprocessing, and the normalization 
procedure helped to place all of  the samples in the data sequences on the 
same scale. The graphical representation of  air-writing of  all Arabic 
characters after preprocessing are shown in Figure 7. 

Figure 7
Graphical representation of  air-writing data of  all Arabic alphabets

Despite the fact that one character has 25 occurrences obtained from five 
distinct individuals, only one instance of  each character is displayed in the 
illustration. 

For the training of  supervised learning models, six parameters or 
variables are primarily chosen as features. However, in an air-writing instance 
there are three discrete sequences i.e., acceleration towards x-axis, y-axis and 
z-axis (the sequences are represented as x, y, and z in previous sections). As a 
result, there are three features for each parameter. Therefore, 18 features are 
attained from six parameters which are already listed in Table II.  The features 
that have high variance in distinguishing various Arabic characters from air 
writing data are included in the Table II. Now, among the selected features 
there may have some features which are highly correlated to each other. They 
will then have a similar influence on the target variable, and including both in 
the model will be unnecessary. Therefore, we can eliminate one of  them 
without affecting the model's performance. Such redundant features from 
feature set can be identified by analyzing the heatmap of  the covariance of  
different features. Eq. (12) is used to determine the covariance between two 
features.  Figure 8 shows a heatmap illustrating the covariance between 
different features.  The heatmap clearly shows that the mean of  acceleration 
in x-direction () is closely associated with its standard deviation () and spectral 
energy (). As a result, it will not be necessary to include all three features in the 
model because their effects on the target variable will be identical. Only  is 
therefore thought of  as a feature that requires less computation compared to  
and . We can also ignore the parameters standard deviation of  acceleration in 
the y-direction () and entropy of  acceleration in all directions (EntropyX, 
EntropyY, and EntropyZ) for the same reason. It is shown in Figure 9.

Figure 8
Heatmap illustrating the covariance between different features.

The number of  features left after eliminating the redundant feature is 12. 
Various supervised machine learning models are trained using these features. 
The accuracy of  the models and their parameter settings in identifying Arabic 
characters from air writing is reported in Table III. For the developed air 
writing data set of  Arabic characters, it is seen that the majority of  K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM) models exhibit 
outstanding classification accuracy in recognizing Arabic characters from 
air-writing data. Both the medium Gaussian SVM and the fine KNN models 
show maximum accuracy of  98.5%.

Figure 9
Reduction of  highly correlated feature.

Table III
Classification accuracy of  different supervised learning models for the recognition of  air-writing of  Arabic Characters.

The confusion matrix for Fine KNN model is shown in Figure 10. It 
demonstrates that, out of  25 instances, the model correctly classified 23 to 25 
instances for each Arabic character. Figure 11 displays the Fine KNN 
model's accuracy in detecting each individual Arabic character from 
air-writing. The findings of  this research have been compared with some of  
the most recent studies on air-writing for other languages since there was no 
research on Arabic air-writing. The comparison is shown in Table IV. The 
comparison shows that the existing supervised machine learning models 
predict the developed data set for Arabic air-writing more accurately than 
many other models that have been proposed for other languages.

Figure 10
Confusion matrix in recognition of  Arabic characters in air-writing by Fine KNN.
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3.3 Feature extraction
A feature is a detail in the data that can be used to make predictions. The 
process of  choosing features is extremely iterative. This could be as simple as 
choosing the appropriate pieces of  data, or it could involve extracting 
features from the data and performing simple/complex statistical 
computations on them. However, a parameter must have variance, be 
random, and be unique in order to be a feature (Michael, 2021). An 
accelerometer sensor-based method for handwritten digit and gesture 
identification is developed by Wang, & Chuang  (2011), where they employed 
statistical analysis and sensor data transformations to identify features from 
the data set. In this study, primarily the parameters mean, standard deviation, 
rms value, correlation among axis, entropy and spectral energy are selected in 
the feature set. However, some parameters have been employed as features, 
which is addressed in the result section, subject to having the properties of  a 
parameter in order to be a feature. The equations  used to calculate the 
features are discussed below. Recall that we had three discrete sequences (x, 
y, and z) at one data instant, where, the sequences represent acceleration of  
hand in x-direction, y-direction, and z-direction respectively during air 
writing. 
The mean of  sequence x denoted by     can be calculated by Eq. (8), where N 
implies the number of  values in x. Similarly, we can calculate the mean of  
sequence y and z.

The standard deviation (STD) is the square root of  the variance. Eq. (9) for 
instance, compute the STD of  the vector x. STD convey the information 
about the scattering of  the values in a data sequence. We can calculate the 
standard deviation of  the sequences y and z in the same way.

Root mean square (rms) of  a sequence is the square root of  the average of  
the square of  all the values in the sequence. For example, the rms value of  
the data vector x is calculated by Eq. (10). 

The rms values of  the sequences y and z can be determined using the same 
equation. 
The correlation between the vectors of  two axis is obtained taking the 
fraction of  the covariance to the product of  standard deviations of  the 
vector. For example, the correlation               of  data x on x-axis and y on 
y-axis is found by Eq. (11), where                  is computed by Eq. (12). Here, 
N implies the size of  data,      and      which are the standard deviations of  
vector x and y, and     and     are the average of  x and y. Similarly, we can 
calculate the correlation of  acceleration between y and z axis              , and z 
and x axis              . 

The entropy of  a discrete sequence is the measure of  dissimilarity or diversity 
of  the samples in that sequence. The entropy Hx of  the sequence x is 
obtained by the Eq. (13). Here, c indicates the number of  interval (R1, R2, . 
. ., Rc) in x; Pi is the probability of  a sample belonging to the interval Rc. In 
similar manner, the entropy Hy and Hz are calculated. 

The sum of  the square of  the Fast Fourier Transform coefficients gives the 
spectral energy of  a sequence. The spectral energy of  a discrete sequence x 
is obtained by Eq. (14), where, N is the size of  the sequence, and         is the     
       FFT coefficient. Similarly, we can compute the energy      of  the sequence 
y and      of  the sequence z.

The list of  selected parameters for feature selection are shown in Table II.

Table II
Description of  the model parameters.

3.4 training of  classification model
The data set developed for Arabic air-writing consists of  labeled data. Such 
labeled data are handled with the supervised learning model in machine 
learning. There are numerous varieties of  supervised learning models, 
including Naive Bayes Classifiers, K-nearest Neighbors (KNN), Support 
Vector Machines (SVM), Decision Trees, etc. In this study, the classification 
accuracy of  various models has been evaluated using a variety of  features 
from the features set that are derived from the data set to determine the best 
suitable supervised learning model for the classification of  Arabic air-written 
characters. Training of  different models and accuracy calculation for 
selecting various features are performed using an application (App) in 
MATLAB name ‘Classification Learner’. The Classification Learner app has 
feature that allows users to train models to classify data. This program allows 
users to do experiment with supervised machine learning using a variety of  
classifiers. An interface of  ‘Classification Learner App’ is shown in Figure 5. 
The app has options to explore data, select features, define validation 
schemes, train models, and evaluate results. It can also perform automatic 
training to find the optimal classification model type, such as support vector 
machines, decision trees, discriminant analysis, logistic regression, closest 
neighbors, naive Bayes, kernel approximation, ensemble classification, and 
neural network classification. The validated model's output is displayed in the 
app. The verified model results are reflected in diagnostic measurements like 
model accuracy and visualizations like a scatter plot or a confusion matrix 
chart. In Classification Learner Application (CLA), a model is trained using 
two validation schemes. K-fold cross-validation is the default method by 
which the app protects against overfitting. Another option is holdout 
validation. Furthermore, there is the option to train a model on all accessible 
data without validation.

Figure 5
Interface of  classification learner App

This study employs k-fold cross-validation with k set to 5. Data is divided by 
the CLA into 5 nearly equal subsets (or folds) at random. Four subsets (20 
instances) are utilized to train the model, and one subset (5 instances) is used 
to validate the model. There are 5 iterations of  this method, with each subset 
being applied for validation exactly once. This allows the use of  every 
instance of  a character as training and testing data. The accuracy of  the 
model is expressed as the mean accuracy over the five folds. 

4. Results and discussions 
Creating an air-writing data set of  Arabic characters based on motion sensor 
is one of  the key objectives of  this research. The data set has been prepared, 
and section 3.1 discusses the details of  how it is developed. The data in the 
data set are raw data; no modifications or processing were made to the data 
before it was added to the data set. However, before extracting features, some 
preprocessing is carried out, such as smoothing and normalization. Figure 
6(a) and 6(b) depict the graphical depiction of  the raw and preprocessed 
air-writing data for the Arabic character 

 

Figure 6
Graphical representation of  the air-writing data of  Arabic character baa(ب) Illustration in (a) Raw sensor 
data, in (b) Preprocessed data (After smoothing and z-score normalization).

“ba (ب)”. As shown by the Figure 6(b), the high-frequency noise and DC 
components are eliminated after preprocessing, and the normalization 
procedure helped to place all of  the samples in the data sequences on the 
same scale. The graphical representation of  air-writing of  all Arabic 
characters after preprocessing are shown in Figure 7. 

Figure 7
Graphical representation of  air-writing data of  all Arabic alphabets

Despite the fact that one character has 25 occurrences obtained from five 
distinct individuals, only one instance of  each character is displayed in the 
illustration. 

For the training of  supervised learning models, six parameters or 
variables are primarily chosen as features. However, in an air-writing instance 
there are three discrete sequences i.e., acceleration towards x-axis, y-axis and 
z-axis (the sequences are represented as x, y, and z in previous sections). As a 
result, there are three features for each parameter. Therefore, 18 features are 
attained from six parameters which are already listed in Table II.  The features 
that have high variance in distinguishing various Arabic characters from air 
writing data are included in the Table II. Now, among the selected features 
there may have some features which are highly correlated to each other. They 
will then have a similar influence on the target variable, and including both in 
the model will be unnecessary. Therefore, we can eliminate one of  them 
without affecting the model's performance. Such redundant features from 
feature set can be identified by analyzing the heatmap of  the covariance of  
different features. Eq. (12) is used to determine the covariance between two 
features.  Figure 8 shows a heatmap illustrating the covariance between 
different features.  The heatmap clearly shows that the mean of  acceleration 
in x-direction () is closely associated with its standard deviation () and spectral 
energy (). As a result, it will not be necessary to include all three features in the 
model because their effects on the target variable will be identical. Only  is 
therefore thought of  as a feature that requires less computation compared to  
and . We can also ignore the parameters standard deviation of  acceleration in 
the y-direction () and entropy of  acceleration in all directions (EntropyX, 
EntropyY, and EntropyZ) for the same reason. It is shown in Figure 9.

Figure 8
Heatmap illustrating the covariance between different features.

The number of  features left after eliminating the redundant feature is 12. 
Various supervised machine learning models are trained using these features. 
The accuracy of  the models and their parameter settings in identifying Arabic 
characters from air writing is reported in Table III. For the developed air 
writing data set of  Arabic characters, it is seen that the majority of  K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM) models exhibit 
outstanding classification accuracy in recognizing Arabic characters from 
air-writing data. Both the medium Gaussian SVM and the fine KNN models 
show maximum accuracy of  98.5%.

Figure 9
Reduction of  highly correlated feature.

Table III
Classification accuracy of  different supervised learning models for the recognition of  air-writing of  Arabic Characters.

The confusion matrix for Fine KNN model is shown in Figure 10. It 
demonstrates that, out of  25 instances, the model correctly classified 23 to 25 
instances for each Arabic character. Figure 11 displays the Fine KNN 
model's accuracy in detecting each individual Arabic character from 
air-writing. The findings of  this research have been compared with some of  
the most recent studies on air-writing for other languages since there was no 
research on Arabic air-writing. The comparison is shown in Table IV. The 
comparison shows that the existing supervised machine learning models 
predict the developed data set for Arabic air-writing more accurately than 
many other models that have been proposed for other languages.

Figure 10
Confusion matrix in recognition of  Arabic characters in air-writing by Fine KNN.
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3.3 Feature extraction
A feature is a detail in the data that can be used to make predictions. The 
process of  choosing features is extremely iterative. This could be as simple as 
choosing the appropriate pieces of  data, or it could involve extracting 
features from the data and performing simple/complex statistical 
computations on them. However, a parameter must have variance, be 
random, and be unique in order to be a feature (Michael, 2021). An 
accelerometer sensor-based method for handwritten digit and gesture 
identification is developed by Wang, & Chuang  (2011), where they employed 
statistical analysis and sensor data transformations to identify features from 
the data set. In this study, primarily the parameters mean, standard deviation, 
rms value, correlation among axis, entropy and spectral energy are selected in 
the feature set. However, some parameters have been employed as features, 
which is addressed in the result section, subject to having the properties of  a 
parameter in order to be a feature. The equations  used to calculate the 
features are discussed below. Recall that we had three discrete sequences (x, 
y, and z) at one data instant, where, the sequences represent acceleration of  
hand in x-direction, y-direction, and z-direction respectively during air 
writing. 
The mean of  sequence x denoted by     can be calculated by Eq. (8), where N 
implies the number of  values in x. Similarly, we can calculate the mean of  
sequence y and z.

The standard deviation (STD) is the square root of  the variance. Eq. (9) for 
instance, compute the STD of  the vector x. STD convey the information 
about the scattering of  the values in a data sequence. We can calculate the 
standard deviation of  the sequences y and z in the same way.

Root mean square (rms) of  a sequence is the square root of  the average of  
the square of  all the values in the sequence. For example, the rms value of  
the data vector x is calculated by Eq. (10). 

The rms values of  the sequences y and z can be determined using the same 
equation. 
The correlation between the vectors of  two axis is obtained taking the 
fraction of  the covariance to the product of  standard deviations of  the 
vector. For example, the correlation               of  data x on x-axis and y on 
y-axis is found by Eq. (11), where                  is computed by Eq. (12). Here, 
N implies the size of  data,      and      which are the standard deviations of  
vector x and y, and     and     are the average of  x and y. Similarly, we can 
calculate the correlation of  acceleration between y and z axis              , and z 
and x axis              . 

The entropy of  a discrete sequence is the measure of  dissimilarity or diversity 
of  the samples in that sequence. The entropy Hx of  the sequence x is 
obtained by the Eq. (13). Here, c indicates the number of  interval (R1, R2, . 
. ., Rc) in x; Pi is the probability of  a sample belonging to the interval Rc. In 
similar manner, the entropy Hy and Hz are calculated. 

The sum of  the square of  the Fast Fourier Transform coefficients gives the 
spectral energy of  a sequence. The spectral energy of  a discrete sequence x 
is obtained by Eq. (14), where, N is the size of  the sequence, and         is the     
       FFT coefficient. Similarly, we can compute the energy      of  the sequence 
y and      of  the sequence z.

The list of  selected parameters for feature selection are shown in Table II.

Table II
Description of  the model parameters.

3.4 training of  classification model
The data set developed for Arabic air-writing consists of  labeled data. Such 
labeled data are handled with the supervised learning model in machine 
learning. There are numerous varieties of  supervised learning models, 
including Naive Bayes Classifiers, K-nearest Neighbors (KNN), Support 
Vector Machines (SVM), Decision Trees, etc. In this study, the classification 
accuracy of  various models has been evaluated using a variety of  features 
from the features set that are derived from the data set to determine the best 
suitable supervised learning model for the classification of  Arabic air-written 
characters. Training of  different models and accuracy calculation for 
selecting various features are performed using an application (App) in 
MATLAB name ‘Classification Learner’. The Classification Learner app has 
feature that allows users to train models to classify data. This program allows 
users to do experiment with supervised machine learning using a variety of  
classifiers. An interface of  ‘Classification Learner App’ is shown in Figure 5. 
The app has options to explore data, select features, define validation 
schemes, train models, and evaluate results. It can also perform automatic 
training to find the optimal classification model type, such as support vector 
machines, decision trees, discriminant analysis, logistic regression, closest 
neighbors, naive Bayes, kernel approximation, ensemble classification, and 
neural network classification. The validated model's output is displayed in the 
app. The verified model results are reflected in diagnostic measurements like 
model accuracy and visualizations like a scatter plot or a confusion matrix 
chart. In Classification Learner Application (CLA), a model is trained using 
two validation schemes. K-fold cross-validation is the default method by 
which the app protects against overfitting. Another option is holdout 
validation. Furthermore, there is the option to train a model on all accessible 
data without validation.

Figure 5
Interface of  classification learner App

This study employs k-fold cross-validation with k set to 5. Data is divided by 
the CLA into 5 nearly equal subsets (or folds) at random. Four subsets (20 
instances) are utilized to train the model, and one subset (5 instances) is used 
to validate the model. There are 5 iterations of  this method, with each subset 
being applied for validation exactly once. This allows the use of  every 
instance of  a character as training and testing data. The accuracy of  the 
model is expressed as the mean accuracy over the five folds. 

4. Results and discussions 
Creating an air-writing data set of  Arabic characters based on motion sensor 
is one of  the key objectives of  this research. The data set has been prepared, 
and section 3.1 discusses the details of  how it is developed. The data in the 
data set are raw data; no modifications or processing were made to the data 
before it was added to the data set. However, before extracting features, some 
preprocessing is carried out, such as smoothing and normalization. Figure 
6(a) and 6(b) depict the graphical depiction of  the raw and preprocessed 
air-writing data for the Arabic character 

 

Figure 6
Graphical representation of  the air-writing data of  Arabic character baa(ب) Illustration in (a) Raw sensor 
data, in (b) Preprocessed data (After smoothing and z-score normalization).

“ba (ب)”. As shown by the Figure 6(b), the high-frequency noise and DC 
components are eliminated after preprocessing, and the normalization 
procedure helped to place all of  the samples in the data sequences on the 
same scale. The graphical representation of  air-writing of  all Arabic 
characters after preprocessing are shown in Figure 7. 

Figure 7
Graphical representation of  air-writing data of  all Arabic alphabets

Despite the fact that one character has 25 occurrences obtained from five 
distinct individuals, only one instance of  each character is displayed in the 
illustration. 

For the training of  supervised learning models, six parameters or 
variables are primarily chosen as features. However, in an air-writing instance 
there are three discrete sequences i.e., acceleration towards x-axis, y-axis and 
z-axis (the sequences are represented as x, y, and z in previous sections). As a 
result, there are three features for each parameter. Therefore, 18 features are 
attained from six parameters which are already listed in Table II.  The features 
that have high variance in distinguishing various Arabic characters from air 
writing data are included in the Table II. Now, among the selected features 
there may have some features which are highly correlated to each other. They 
will then have a similar influence on the target variable, and including both in 
the model will be unnecessary. Therefore, we can eliminate one of  them 
without affecting the model's performance. Such redundant features from 
feature set can be identified by analyzing the heatmap of  the covariance of  
different features. Eq. (12) is used to determine the covariance between two 
features.  Figure 8 shows a heatmap illustrating the covariance between 
different features.  The heatmap clearly shows that the mean of  acceleration 
in x-direction () is closely associated with its standard deviation () and spectral 
energy (). As a result, it will not be necessary to include all three features in the 
model because their effects on the target variable will be identical. Only  is 
therefore thought of  as a feature that requires less computation compared to  
and . We can also ignore the parameters standard deviation of  acceleration in 
the y-direction () and entropy of  acceleration in all directions (EntropyX, 
EntropyY, and EntropyZ) for the same reason. It is shown in Figure 9.

Figure 8
Heatmap illustrating the covariance between different features.

The number of  features left after eliminating the redundant feature is 12. 
Various supervised machine learning models are trained using these features. 
The accuracy of  the models and their parameter settings in identifying Arabic 
characters from air writing is reported in Table III. For the developed air 
writing data set of  Arabic characters, it is seen that the majority of  K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM) models exhibit 
outstanding classification accuracy in recognizing Arabic characters from 
air-writing data. Both the medium Gaussian SVM and the fine KNN models 
show maximum accuracy of  98.5%.

Figure 9
Reduction of  highly correlated feature.

Table III
Classification accuracy of  different supervised learning models for the recognition of  air-writing of  Arabic Characters.

The confusion matrix for Fine KNN model is shown in Figure 10. It 
demonstrates that, out of  25 instances, the model correctly classified 23 to 25 
instances for each Arabic character. Figure 11 displays the Fine KNN 
model's accuracy in detecting each individual Arabic character from 
air-writing. The findings of  this research have been compared with some of  
the most recent studies on air-writing for other languages since there was no 
research on Arabic air-writing. The comparison is shown in Table IV. The 
comparison shows that the existing supervised machine learning models 
predict the developed data set for Arabic air-writing more accurately than 
many other models that have been proposed for other languages.

Figure 10
Confusion matrix in recognition of  Arabic characters in air-writing by Fine KNN.
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3.3 Feature extraction
A feature is a detail in the data that can be used to make predictions. The 
process of  choosing features is extremely iterative. This could be as simple as 
choosing the appropriate pieces of  data, or it could involve extracting 
features from the data and performing simple/complex statistical 
computations on them. However, a parameter must have variance, be 
random, and be unique in order to be a feature (Michael, 2021). An 
accelerometer sensor-based method for handwritten digit and gesture 
identification is developed by Wang, & Chuang  (2011), where they employed 
statistical analysis and sensor data transformations to identify features from 
the data set. In this study, primarily the parameters mean, standard deviation, 
rms value, correlation among axis, entropy and spectral energy are selected in 
the feature set. However, some parameters have been employed as features, 
which is addressed in the result section, subject to having the properties of  a 
parameter in order to be a feature. The equations  used to calculate the 
features are discussed below. Recall that we had three discrete sequences (x, 
y, and z) at one data instant, where, the sequences represent acceleration of  
hand in x-direction, y-direction, and z-direction respectively during air 
writing. 
The mean of  sequence x denoted by     can be calculated by Eq. (8), where N 
implies the number of  values in x. Similarly, we can calculate the mean of  
sequence y and z.

The standard deviation (STD) is the square root of  the variance. Eq. (9) for 
instance, compute the STD of  the vector x. STD convey the information 
about the scattering of  the values in a data sequence. We can calculate the 
standard deviation of  the sequences y and z in the same way.

Root mean square (rms) of  a sequence is the square root of  the average of  
the square of  all the values in the sequence. For example, the rms value of  
the data vector x is calculated by Eq. (10). 

The rms values of  the sequences y and z can be determined using the same 
equation. 
The correlation between the vectors of  two axis is obtained taking the 
fraction of  the covariance to the product of  standard deviations of  the 
vector. For example, the correlation               of  data x on x-axis and y on 
y-axis is found by Eq. (11), where                  is computed by Eq. (12). Here, 
N implies the size of  data,      and      which are the standard deviations of  
vector x and y, and     and     are the average of  x and y. Similarly, we can 
calculate the correlation of  acceleration between y and z axis              , and z 
and x axis              . 

The entropy of  a discrete sequence is the measure of  dissimilarity or diversity 
of  the samples in that sequence. The entropy Hx of  the sequence x is 
obtained by the Eq. (13). Here, c indicates the number of  interval (R1, R2, . 
. ., Rc) in x; Pi is the probability of  a sample belonging to the interval Rc. In 
similar manner, the entropy Hy and Hz are calculated. 

The sum of  the square of  the Fast Fourier Transform coefficients gives the 
spectral energy of  a sequence. The spectral energy of  a discrete sequence x 
is obtained by Eq. (14), where, N is the size of  the sequence, and         is the     
       FFT coefficient. Similarly, we can compute the energy      of  the sequence 
y and      of  the sequence z.

The list of  selected parameters for feature selection are shown in Table II.

Table II
Description of  the model parameters.

3.4 training of  classification model
The data set developed for Arabic air-writing consists of  labeled data. Such 
labeled data are handled with the supervised learning model in machine 
learning. There are numerous varieties of  supervised learning models, 
including Naive Bayes Classifiers, K-nearest Neighbors (KNN), Support 
Vector Machines (SVM), Decision Trees, etc. In this study, the classification 
accuracy of  various models has been evaluated using a variety of  features 
from the features set that are derived from the data set to determine the best 
suitable supervised learning model for the classification of  Arabic air-written 
characters. Training of  different models and accuracy calculation for 
selecting various features are performed using an application (App) in 
MATLAB name ‘Classification Learner’. The Classification Learner app has 
feature that allows users to train models to classify data. This program allows 
users to do experiment with supervised machine learning using a variety of  
classifiers. An interface of  ‘Classification Learner App’ is shown in Figure 5. 
The app has options to explore data, select features, define validation 
schemes, train models, and evaluate results. It can also perform automatic 
training to find the optimal classification model type, such as support vector 
machines, decision trees, discriminant analysis, logistic regression, closest 
neighbors, naive Bayes, kernel approximation, ensemble classification, and 
neural network classification. The validated model's output is displayed in the 
app. The verified model results are reflected in diagnostic measurements like 
model accuracy and visualizations like a scatter plot or a confusion matrix 
chart. In Classification Learner Application (CLA), a model is trained using 
two validation schemes. K-fold cross-validation is the default method by 
which the app protects against overfitting. Another option is holdout 
validation. Furthermore, there is the option to train a model on all accessible 
data without validation.

Figure 5
Interface of  classification learner App

This study employs k-fold cross-validation with k set to 5. Data is divided by 
the CLA into 5 nearly equal subsets (or folds) at random. Four subsets (20 
instances) are utilized to train the model, and one subset (5 instances) is used 
to validate the model. There are 5 iterations of  this method, with each subset 
being applied for validation exactly once. This allows the use of  every 
instance of  a character as training and testing data. The accuracy of  the 
model is expressed as the mean accuracy over the five folds. 

4. Results and discussions 
Creating an air-writing data set of  Arabic characters based on motion sensor 
is one of  the key objectives of  this research. The data set has been prepared, 
and section 3.1 discusses the details of  how it is developed. The data in the 
data set are raw data; no modifications or processing were made to the data 
before it was added to the data set. However, before extracting features, some 
preprocessing is carried out, such as smoothing and normalization. Figure 
6(a) and 6(b) depict the graphical depiction of  the raw and preprocessed 
air-writing data for the Arabic character 

 

Figure 6
Graphical representation of  the air-writing data of  Arabic character baa(ب) Illustration in (a) Raw sensor 
data, in (b) Preprocessed data (After smoothing and z-score normalization).

“ba (ب)”. As shown by the Figure 6(b), the high-frequency noise and DC 
components are eliminated after preprocessing, and the normalization 
procedure helped to place all of  the samples in the data sequences on the 
same scale. The graphical representation of  air-writing of  all Arabic 
characters after preprocessing are shown in Figure 7. 

Figure 7
Graphical representation of  air-writing data of  all Arabic alphabets

Despite the fact that one character has 25 occurrences obtained from five 
distinct individuals, only one instance of  each character is displayed in the 
illustration. 

For the training of  supervised learning models, six parameters or 
variables are primarily chosen as features. However, in an air-writing instance 
there are three discrete sequences i.e., acceleration towards x-axis, y-axis and 
z-axis (the sequences are represented as x, y, and z in previous sections). As a 
result, there are three features for each parameter. Therefore, 18 features are 
attained from six parameters which are already listed in Table II.  The features 
that have high variance in distinguishing various Arabic characters from air 
writing data are included in the Table II. Now, among the selected features 
there may have some features which are highly correlated to each other. They 
will then have a similar influence on the target variable, and including both in 
the model will be unnecessary. Therefore, we can eliminate one of  them 
without affecting the model's performance. Such redundant features from 
feature set can be identified by analyzing the heatmap of  the covariance of  
different features. Eq. (12) is used to determine the covariance between two 
features.  Figure 8 shows a heatmap illustrating the covariance between 
different features.  The heatmap clearly shows that the mean of  acceleration 
in x-direction () is closely associated with its standard deviation () and spectral 
energy (). As a result, it will not be necessary to include all three features in the 
model because their effects on the target variable will be identical. Only  is 
therefore thought of  as a feature that requires less computation compared to  
and . We can also ignore the parameters standard deviation of  acceleration in 
the y-direction () and entropy of  acceleration in all directions (EntropyX, 
EntropyY, and EntropyZ) for the same reason. It is shown in Figure 9.

Figure 8
Heatmap illustrating the covariance between different features.

The number of  features left after eliminating the redundant feature is 12. 
Various supervised machine learning models are trained using these features. 
The accuracy of  the models and their parameter settings in identifying Arabic 
characters from air writing is reported in Table III. For the developed air 
writing data set of  Arabic characters, it is seen that the majority of  K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM) models exhibit 
outstanding classification accuracy in recognizing Arabic characters from 
air-writing data. Both the medium Gaussian SVM and the fine KNN models 
show maximum accuracy of  98.5%.

Figure 9
Reduction of  highly correlated feature.

Table III
Classification accuracy of  different supervised learning models for the recognition of  air-writing of  Arabic Characters.

The confusion matrix for Fine KNN model is shown in Figure 10. It 
demonstrates that, out of  25 instances, the model correctly classified 23 to 25 
instances for each Arabic character. Figure 11 displays the Fine KNN 
model's accuracy in detecting each individual Arabic character from 
air-writing. The findings of  this research have been compared with some of  
the most recent studies on air-writing for other languages since there was no 
research on Arabic air-writing. The comparison is shown in Table IV. The 
comparison shows that the existing supervised machine learning models 
predict the developed data set for Arabic air-writing more accurately than 
many other models that have been proposed for other languages.

Figure 10
Confusion matrix in recognition of  Arabic characters in air-writing by Fine KNN.
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3.3 Feature extraction
A feature is a detail in the data that can be used to make predictions. The 
process of  choosing features is extremely iterative. This could be as simple as 
choosing the appropriate pieces of  data, or it could involve extracting 
features from the data and performing simple/complex statistical 
computations on them. However, a parameter must have variance, be 
random, and be unique in order to be a feature (Michael, 2021). An 
accelerometer sensor-based method for handwritten digit and gesture 
identification is developed by Wang, & Chuang  (2011), where they employed 
statistical analysis and sensor data transformations to identify features from 
the data set. In this study, primarily the parameters mean, standard deviation, 
rms value, correlation among axis, entropy and spectral energy are selected in 
the feature set. However, some parameters have been employed as features, 
which is addressed in the result section, subject to having the properties of  a 
parameter in order to be a feature. The equations  used to calculate the 
features are discussed below. Recall that we had three discrete sequences (x, 
y, and z) at one data instant, where, the sequences represent acceleration of  
hand in x-direction, y-direction, and z-direction respectively during air 
writing. 
The mean of  sequence x denoted by     can be calculated by Eq. (8), where N 
implies the number of  values in x. Similarly, we can calculate the mean of  
sequence y and z.

The standard deviation (STD) is the square root of  the variance. Eq. (9) for 
instance, compute the STD of  the vector x. STD convey the information 
about the scattering of  the values in a data sequence. We can calculate the 
standard deviation of  the sequences y and z in the same way.

Root mean square (rms) of  a sequence is the square root of  the average of  
the square of  all the values in the sequence. For example, the rms value of  
the data vector x is calculated by Eq. (10). 

The rms values of  the sequences y and z can be determined using the same 
equation. 
The correlation between the vectors of  two axis is obtained taking the 
fraction of  the covariance to the product of  standard deviations of  the 
vector. For example, the correlation               of  data x on x-axis and y on 
y-axis is found by Eq. (11), where                  is computed by Eq. (12). Here, 
N implies the size of  data,      and      which are the standard deviations of  
vector x and y, and     and     are the average of  x and y. Similarly, we can 
calculate the correlation of  acceleration between y and z axis              , and z 
and x axis              . 

The entropy of  a discrete sequence is the measure of  dissimilarity or diversity 
of  the samples in that sequence. The entropy Hx of  the sequence x is 
obtained by the Eq. (13). Here, c indicates the number of  interval (R1, R2, . 
. ., Rc) in x; Pi is the probability of  a sample belonging to the interval Rc. In 
similar manner, the entropy Hy and Hz are calculated. 

The sum of  the square of  the Fast Fourier Transform coefficients gives the 
spectral energy of  a sequence. The spectral energy of  a discrete sequence x 
is obtained by Eq. (14), where, N is the size of  the sequence, and         is the     
       FFT coefficient. Similarly, we can compute the energy      of  the sequence 
y and      of  the sequence z.

The list of  selected parameters for feature selection are shown in Table II.

Table II
Description of  the model parameters.

3.4 training of  classification model
The data set developed for Arabic air-writing consists of  labeled data. Such 
labeled data are handled with the supervised learning model in machine 
learning. There are numerous varieties of  supervised learning models, 
including Naive Bayes Classifiers, K-nearest Neighbors (KNN), Support 
Vector Machines (SVM), Decision Trees, etc. In this study, the classification 
accuracy of  various models has been evaluated using a variety of  features 
from the features set that are derived from the data set to determine the best 
suitable supervised learning model for the classification of  Arabic air-written 
characters. Training of  different models and accuracy calculation for 
selecting various features are performed using an application (App) in 
MATLAB name ‘Classification Learner’. The Classification Learner app has 
feature that allows users to train models to classify data. This program allows 
users to do experiment with supervised machine learning using a variety of  
classifiers. An interface of  ‘Classification Learner App’ is shown in Figure 5. 
The app has options to explore data, select features, define validation 
schemes, train models, and evaluate results. It can also perform automatic 
training to find the optimal classification model type, such as support vector 
machines, decision trees, discriminant analysis, logistic regression, closest 
neighbors, naive Bayes, kernel approximation, ensemble classification, and 
neural network classification. The validated model's output is displayed in the 
app. The verified model results are reflected in diagnostic measurements like 
model accuracy and visualizations like a scatter plot or a confusion matrix 
chart. In Classification Learner Application (CLA), a model is trained using 
two validation schemes. K-fold cross-validation is the default method by 
which the app protects against overfitting. Another option is holdout 
validation. Furthermore, there is the option to train a model on all accessible 
data without validation.

Figure 5
Interface of  classification learner App

This study employs k-fold cross-validation with k set to 5. Data is divided by 
the CLA into 5 nearly equal subsets (or folds) at random. Four subsets (20 
instances) are utilized to train the model, and one subset (5 instances) is used 
to validate the model. There are 5 iterations of  this method, with each subset 
being applied for validation exactly once. This allows the use of  every 
instance of  a character as training and testing data. The accuracy of  the 
model is expressed as the mean accuracy over the five folds. 

4. Results and discussions 
Creating an air-writing data set of  Arabic characters based on motion sensor 
is one of  the key objectives of  this research. The data set has been prepared, 
and section 3.1 discusses the details of  how it is developed. The data in the 
data set are raw data; no modifications or processing were made to the data 
before it was added to the data set. However, before extracting features, some 
preprocessing is carried out, such as smoothing and normalization. Figure 
6(a) and 6(b) depict the graphical depiction of  the raw and preprocessed 
air-writing data for the Arabic character 

 

Figure 6
Graphical representation of  the air-writing data of  Arabic character baa(ب) Illustration in (a) Raw sensor 
data, in (b) Preprocessed data (After smoothing and z-score normalization).

“ba (ب)”. As shown by the Figure 6(b), the high-frequency noise and DC 
components are eliminated after preprocessing, and the normalization 
procedure helped to place all of  the samples in the data sequences on the 
same scale. The graphical representation of  air-writing of  all Arabic 
characters after preprocessing are shown in Figure 7. 

Figure 7
Graphical representation of  air-writing data of  all Arabic alphabets

Despite the fact that one character has 25 occurrences obtained from five 
distinct individuals, only one instance of  each character is displayed in the 
illustration. 

For the training of  supervised learning models, six parameters or 
variables are primarily chosen as features. However, in an air-writing instance 
there are three discrete sequences i.e., acceleration towards x-axis, y-axis and 
z-axis (the sequences are represented as x, y, and z in previous sections). As a 
result, there are three features for each parameter. Therefore, 18 features are 
attained from six parameters which are already listed in Table II.  The features 
that have high variance in distinguishing various Arabic characters from air 
writing data are included in the Table II. Now, among the selected features 
there may have some features which are highly correlated to each other. They 
will then have a similar influence on the target variable, and including both in 
the model will be unnecessary. Therefore, we can eliminate one of  them 
without affecting the model's performance. Such redundant features from 
feature set can be identified by analyzing the heatmap of  the covariance of  
different features. Eq. (12) is used to determine the covariance between two 
features.  Figure 8 shows a heatmap illustrating the covariance between 
different features.  The heatmap clearly shows that the mean of  acceleration 
in x-direction () is closely associated with its standard deviation () and spectral 
energy (). As a result, it will not be necessary to include all three features in the 
model because their effects on the target variable will be identical. Only  is 
therefore thought of  as a feature that requires less computation compared to  
and . We can also ignore the parameters standard deviation of  acceleration in 
the y-direction () and entropy of  acceleration in all directions (EntropyX, 
EntropyY, and EntropyZ) for the same reason. It is shown in Figure 9.

Figure 8
Heatmap illustrating the covariance between different features.

The number of  features left after eliminating the redundant feature is 12. 
Various supervised machine learning models are trained using these features. 
The accuracy of  the models and their parameter settings in identifying Arabic 
characters from air writing is reported in Table III. For the developed air 
writing data set of  Arabic characters, it is seen that the majority of  K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM) models exhibit 
outstanding classification accuracy in recognizing Arabic characters from 
air-writing data. Both the medium Gaussian SVM and the fine KNN models 
show maximum accuracy of  98.5%.

Figure 9
Reduction of  highly correlated feature.

Table III
Classification accuracy of  different supervised learning models for the recognition of  air-writing of  Arabic Characters.

The confusion matrix for Fine KNN model is shown in Figure 10. It 
demonstrates that, out of  25 instances, the model correctly classified 23 to 25 
instances for each Arabic character. Figure 11 displays the Fine KNN 
model's accuracy in detecting each individual Arabic character from 
air-writing. The findings of  this research have been compared with some of  
the most recent studies on air-writing for other languages since there was no 
research on Arabic air-writing. The comparison is shown in Table IV. The 
comparison shows that the existing supervised machine learning models 
predict the developed data set for Arabic air-writing more accurately than 
many other models that have been proposed for other languages.

Figure 10
Confusion matrix in recognition of  Arabic characters in air-writing by Fine KNN.
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3.3 Feature extraction
A feature is a detail in the data that can be used to make predictions. The 
process of  choosing features is extremely iterative. This could be as simple as 
choosing the appropriate pieces of  data, or it could involve extracting 
features from the data and performing simple/complex statistical 
computations on them. However, a parameter must have variance, be 
random, and be unique in order to be a feature (Michael, 2021). An 
accelerometer sensor-based method for handwritten digit and gesture 
identification is developed by Wang, & Chuang  (2011), where they employed 
statistical analysis and sensor data transformations to identify features from 
the data set. In this study, primarily the parameters mean, standard deviation, 
rms value, correlation among axis, entropy and spectral energy are selected in 
the feature set. However, some parameters have been employed as features, 
which is addressed in the result section, subject to having the properties of  a 
parameter in order to be a feature. The equations  used to calculate the 
features are discussed below. Recall that we had three discrete sequences (x, 
y, and z) at one data instant, where, the sequences represent acceleration of  
hand in x-direction, y-direction, and z-direction respectively during air 
writing. 
The mean of  sequence x denoted by     can be calculated by Eq. (8), where N 
implies the number of  values in x. Similarly, we can calculate the mean of  
sequence y and z.

The standard deviation (STD) is the square root of  the variance. Eq. (9) for 
instance, compute the STD of  the vector x. STD convey the information 
about the scattering of  the values in a data sequence. We can calculate the 
standard deviation of  the sequences y and z in the same way.

Root mean square (rms) of  a sequence is the square root of  the average of  
the square of  all the values in the sequence. For example, the rms value of  
the data vector x is calculated by Eq. (10). 

The rms values of  the sequences y and z can be determined using the same 
equation. 
The correlation between the vectors of  two axis is obtained taking the 
fraction of  the covariance to the product of  standard deviations of  the 
vector. For example, the correlation               of  data x on x-axis and y on 
y-axis is found by Eq. (11), where                  is computed by Eq. (12). Here, 
N implies the size of  data,      and      which are the standard deviations of  
vector x and y, and     and     are the average of  x and y. Similarly, we can 
calculate the correlation of  acceleration between y and z axis              , and z 
and x axis              . 

The entropy of  a discrete sequence is the measure of  dissimilarity or diversity 
of  the samples in that sequence. The entropy Hx of  the sequence x is 
obtained by the Eq. (13). Here, c indicates the number of  interval (R1, R2, . 
. ., Rc) in x; Pi is the probability of  a sample belonging to the interval Rc. In 
similar manner, the entropy Hy and Hz are calculated. 

The sum of  the square of  the Fast Fourier Transform coefficients gives the 
spectral energy of  a sequence. The spectral energy of  a discrete sequence x 
is obtained by Eq. (14), where, N is the size of  the sequence, and         is the     
       FFT coefficient. Similarly, we can compute the energy      of  the sequence 
y and      of  the sequence z.

The list of  selected parameters for feature selection are shown in Table II.

Table II
Description of  the model parameters.

3.4 training of  classification model
The data set developed for Arabic air-writing consists of  labeled data. Such 
labeled data are handled with the supervised learning model in machine 
learning. There are numerous varieties of  supervised learning models, 
including Naive Bayes Classifiers, K-nearest Neighbors (KNN), Support 
Vector Machines (SVM), Decision Trees, etc. In this study, the classification 
accuracy of  various models has been evaluated using a variety of  features 
from the features set that are derived from the data set to determine the best 
suitable supervised learning model for the classification of  Arabic air-written 
characters. Training of  different models and accuracy calculation for 
selecting various features are performed using an application (App) in 
MATLAB name ‘Classification Learner’. The Classification Learner app has 
feature that allows users to train models to classify data. This program allows 
users to do experiment with supervised machine learning using a variety of  
classifiers. An interface of  ‘Classification Learner App’ is shown in Figure 5. 
The app has options to explore data, select features, define validation 
schemes, train models, and evaluate results. It can also perform automatic 
training to find the optimal classification model type, such as support vector 
machines, decision trees, discriminant analysis, logistic regression, closest 
neighbors, naive Bayes, kernel approximation, ensemble classification, and 
neural network classification. The validated model's output is displayed in the 
app. The verified model results are reflected in diagnostic measurements like 
model accuracy and visualizations like a scatter plot or a confusion matrix 
chart. In Classification Learner Application (CLA), a model is trained using 
two validation schemes. K-fold cross-validation is the default method by 
which the app protects against overfitting. Another option is holdout 
validation. Furthermore, there is the option to train a model on all accessible 
data without validation.

Figure 5
Interface of  classification learner App

This study employs k-fold cross-validation with k set to 5. Data is divided by 
the CLA into 5 nearly equal subsets (or folds) at random. Four subsets (20 
instances) are utilized to train the model, and one subset (5 instances) is used 
to validate the model. There are 5 iterations of  this method, with each subset 
being applied for validation exactly once. This allows the use of  every 
instance of  a character as training and testing data. The accuracy of  the 
model is expressed as the mean accuracy over the five folds. 

4. Results and discussions 
Creating an air-writing data set of  Arabic characters based on motion sensor 
is one of  the key objectives of  this research. The data set has been prepared, 
and section 3.1 discusses the details of  how it is developed. The data in the 
data set are raw data; no modifications or processing were made to the data 
before it was added to the data set. However, before extracting features, some 
preprocessing is carried out, such as smoothing and normalization. Figure 
6(a) and 6(b) depict the graphical depiction of  the raw and preprocessed 
air-writing data for the Arabic character 

 

Figure 6
Graphical representation of  the air-writing data of  Arabic character baa(ب) Illustration in (a) Raw sensor 
data, in (b) Preprocessed data (After smoothing and z-score normalization).

“ba (ب)”. As shown by the Figure 6(b), the high-frequency noise and DC 
components are eliminated after preprocessing, and the normalization 
procedure helped to place all of  the samples in the data sequences on the 
same scale. The graphical representation of  air-writing of  all Arabic 
characters after preprocessing are shown in Figure 7. 

Figure 7
Graphical representation of  air-writing data of  all Arabic alphabets

Despite the fact that one character has 25 occurrences obtained from five 
distinct individuals, only one instance of  each character is displayed in the 
illustration. 

For the training of  supervised learning models, six parameters or 
variables are primarily chosen as features. However, in an air-writing instance 
there are three discrete sequences i.e., acceleration towards x-axis, y-axis and 
z-axis (the sequences are represented as x, y, and z in previous sections). As a 
result, there are three features for each parameter. Therefore, 18 features are 
attained from six parameters which are already listed in Table II.  The features 
that have high variance in distinguishing various Arabic characters from air 
writing data are included in the Table II. Now, among the selected features 
there may have some features which are highly correlated to each other. They 
will then have a similar influence on the target variable, and including both in 
the model will be unnecessary. Therefore, we can eliminate one of  them 
without affecting the model's performance. Such redundant features from 
feature set can be identified by analyzing the heatmap of  the covariance of  
different features. Eq. (12) is used to determine the covariance between two 
features.  Figure 8 shows a heatmap illustrating the covariance between 
different features.  The heatmap clearly shows that the mean of  acceleration 
in x-direction () is closely associated with its standard deviation () and spectral 
energy (). As a result, it will not be necessary to include all three features in the 
model because their effects on the target variable will be identical. Only  is 
therefore thought of  as a feature that requires less computation compared to  
and . We can also ignore the parameters standard deviation of  acceleration in 
the y-direction () and entropy of  acceleration in all directions (EntropyX, 
EntropyY, and EntropyZ) for the same reason. It is shown in Figure 9.

Figure 8
Heatmap illustrating the covariance between different features.

The number of  features left after eliminating the redundant feature is 12. 
Various supervised machine learning models are trained using these features. 
The accuracy of  the models and their parameter settings in identifying Arabic 
characters from air writing is reported in Table III. For the developed air 
writing data set of  Arabic characters, it is seen that the majority of  K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM) models exhibit 
outstanding classification accuracy in recognizing Arabic characters from 
air-writing data. Both the medium Gaussian SVM and the fine KNN models 
show maximum accuracy of  98.5%.

Figure 9
Reduction of  highly correlated feature.

Table III
Classification accuracy of  different supervised learning models for the recognition of  air-writing of  Arabic Characters.

The confusion matrix for Fine KNN model is shown in Figure 10. It 
demonstrates that, out of  25 instances, the model correctly classified 23 to 25 
instances for each Arabic character. Figure 11 displays the Fine KNN 
model's accuracy in detecting each individual Arabic character from 
air-writing. The findings of  this research have been compared with some of  
the most recent studies on air-writing for other languages since there was no 
research on Arabic air-writing. The comparison is shown in Table IV. The 
comparison shows that the existing supervised machine learning models 
predict the developed data set for Arabic air-writing more accurately than 
many other models that have been proposed for other languages.

Figure 10
Confusion matrix in recognition of  Arabic characters in air-writing by Fine KNN.

1 Linear 
 Discriminant 97.9% Covariance structure: Full

2 Quadratic 
 Discriminant 76.3% Covariance structure: Diagonal

3 Gaussian  97.6% Distribution of  numeric Predictors: Gaussian
 Naïve Bayes  Distribution of  categorical Predictors: MVMN

4
 

Kernel Naïve Bayes
 
97.5%

 Distribution for numeric Predictors: kernel
   Distribution for categorical Predictors: MVMN
   Kernel type: Gaussian
   Support: Unbounded

5 Linear SVM 97.9% Kernel function: Linear, Kernel scale: Automatic, Box constraint level: 1, 
   Multiclass method: One-vs-One, Normalize data: true

6 Quadratic SVM 98.5% Kernel function: Quadratic, Kernel scale: Automatic, Box constraint 
   level: 1, Multiclass method: One-vs-One, Normalize data: true

7 Cubic SVM 98.1% Kernel function: Cubic, Kernel scale: Automatic, Box constraint level: 1, 
   Multiclass method: One-vs-One, Normalize data: true

8 Fine Gaussian  56.7% Kernel function: Gaussian, Kernel scale: 1.7, Box constraint level: 1, 
 SVM  Multiclass method: One-vs-One, Normalize data: true

9 Medium Gaussian   Kernel function: Gaussian, Kernel scale: 6.7, Box constraint level: 1, 
 SVM 98.4% Multiclass method: One-vs-One, Normalize data: true

10 Coarse Gaussian   Kernel function: Gaussian, Kernel scale: 27, Box constraint level: 1, 
 SVM 96.7% Multiclass method: One-vs-One, Standardize data: true 

11 Fine KNN 98.5% No. of  neighbors:1, Distance metric: Euclidean, Distance weight: Equal, 
   Standardize data: true

12 Medium KNN 96.1% No. of  neighbors:10, Distance metric: Euclidean, 
   Distance weight: Equal, Standardize data: true

13 Coarse KNN 68.5% No. of  neighbors:10, Distance metric: Euclidean, 
   Distance weight: Equal, Standardize data: true

SL. Name of  the Model Accuracy Parameter Setting
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3.3 Feature extraction
A feature is a detail in the data that can be used to make predictions. The 
process of  choosing features is extremely iterative. This could be as simple as 
choosing the appropriate pieces of  data, or it could involve extracting 
features from the data and performing simple/complex statistical 
computations on them. However, a parameter must have variance, be 
random, and be unique in order to be a feature (Michael, 2021). An 
accelerometer sensor-based method for handwritten digit and gesture 
identification is developed by Wang, & Chuang  (2011), where they employed 
statistical analysis and sensor data transformations to identify features from 
the data set. In this study, primarily the parameters mean, standard deviation, 
rms value, correlation among axis, entropy and spectral energy are selected in 
the feature set. However, some parameters have been employed as features, 
which is addressed in the result section, subject to having the properties of  a 
parameter in order to be a feature. The equations  used to calculate the 
features are discussed below. Recall that we had three discrete sequences (x, 
y, and z) at one data instant, where, the sequences represent acceleration of  
hand in x-direction, y-direction, and z-direction respectively during air 
writing. 
The mean of  sequence x denoted by     can be calculated by Eq. (8), where N 
implies the number of  values in x. Similarly, we can calculate the mean of  
sequence y and z.

The standard deviation (STD) is the square root of  the variance. Eq. (9) for 
instance, compute the STD of  the vector x. STD convey the information 
about the scattering of  the values in a data sequence. We can calculate the 
standard deviation of  the sequences y and z in the same way.

Root mean square (rms) of  a sequence is the square root of  the average of  
the square of  all the values in the sequence. For example, the rms value of  
the data vector x is calculated by Eq. (10). 

The rms values of  the sequences y and z can be determined using the same 
equation. 
The correlation between the vectors of  two axis is obtained taking the 
fraction of  the covariance to the product of  standard deviations of  the 
vector. For example, the correlation               of  data x on x-axis and y on 
y-axis is found by Eq. (11), where                  is computed by Eq. (12). Here, 
N implies the size of  data,      and      which are the standard deviations of  
vector x and y, and     and     are the average of  x and y. Similarly, we can 
calculate the correlation of  acceleration between y and z axis              , and z 
and x axis              . 

The entropy of  a discrete sequence is the measure of  dissimilarity or diversity 
of  the samples in that sequence. The entropy Hx of  the sequence x is 
obtained by the Eq. (13). Here, c indicates the number of  interval (R1, R2, . 
. ., Rc) in x; Pi is the probability of  a sample belonging to the interval Rc. In 
similar manner, the entropy Hy and Hz are calculated. 

The sum of  the square of  the Fast Fourier Transform coefficients gives the 
spectral energy of  a sequence. The spectral energy of  a discrete sequence x 
is obtained by Eq. (14), where, N is the size of  the sequence, and         is the     
       FFT coefficient. Similarly, we can compute the energy      of  the sequence 
y and      of  the sequence z.

The list of  selected parameters for feature selection are shown in Table II.

Table II
Description of  the model parameters.

3.4 training of  classification model
The data set developed for Arabic air-writing consists of  labeled data. Such 
labeled data are handled with the supervised learning model in machine 
learning. There are numerous varieties of  supervised learning models, 
including Naive Bayes Classifiers, K-nearest Neighbors (KNN), Support 
Vector Machines (SVM), Decision Trees, etc. In this study, the classification 
accuracy of  various models has been evaluated using a variety of  features 
from the features set that are derived from the data set to determine the best 
suitable supervised learning model for the classification of  Arabic air-written 
characters. Training of  different models and accuracy calculation for 
selecting various features are performed using an application (App) in 
MATLAB name ‘Classification Learner’. The Classification Learner app has 
feature that allows users to train models to classify data. This program allows 
users to do experiment with supervised machine learning using a variety of  
classifiers. An interface of  ‘Classification Learner App’ is shown in Figure 5. 
The app has options to explore data, select features, define validation 
schemes, train models, and evaluate results. It can also perform automatic 
training to find the optimal classification model type, such as support vector 
machines, decision trees, discriminant analysis, logistic regression, closest 
neighbors, naive Bayes, kernel approximation, ensemble classification, and 
neural network classification. The validated model's output is displayed in the 
app. The verified model results are reflected in diagnostic measurements like 
model accuracy and visualizations like a scatter plot or a confusion matrix 
chart. In Classification Learner Application (CLA), a model is trained using 
two validation schemes. K-fold cross-validation is the default method by 
which the app protects against overfitting. Another option is holdout 
validation. Furthermore, there is the option to train a model on all accessible 
data without validation.

Figure 5
Interface of  classification learner App

This study employs k-fold cross-validation with k set to 5. Data is divided by 
the CLA into 5 nearly equal subsets (or folds) at random. Four subsets (20 
instances) are utilized to train the model, and one subset (5 instances) is used 
to validate the model. There are 5 iterations of  this method, with each subset 
being applied for validation exactly once. This allows the use of  every 
instance of  a character as training and testing data. The accuracy of  the 
model is expressed as the mean accuracy over the five folds. 

4. Results and discussions 
Creating an air-writing data set of  Arabic characters based on motion sensor 
is one of  the key objectives of  this research. The data set has been prepared, 
and section 3.1 discusses the details of  how it is developed. The data in the 
data set are raw data; no modifications or processing were made to the data 
before it was added to the data set. However, before extracting features, some 
preprocessing is carried out, such as smoothing and normalization. Figure 
6(a) and 6(b) depict the graphical depiction of  the raw and preprocessed 
air-writing data for the Arabic character 

 

Figure 6
Graphical representation of  the air-writing data of  Arabic character baa(ب) Illustration in (a) Raw sensor 
data, in (b) Preprocessed data (After smoothing and z-score normalization).

“ba (ب)”. As shown by the Figure 6(b), the high-frequency noise and DC 
components are eliminated after preprocessing, and the normalization 
procedure helped to place all of  the samples in the data sequences on the 
same scale. The graphical representation of  air-writing of  all Arabic 
characters after preprocessing are shown in Figure 7. 

Figure 7
Graphical representation of  air-writing data of  all Arabic alphabets

Despite the fact that one character has 25 occurrences obtained from five 
distinct individuals, only one instance of  each character is displayed in the 
illustration. 

For the training of  supervised learning models, six parameters or 
variables are primarily chosen as features. However, in an air-writing instance 
there are three discrete sequences i.e., acceleration towards x-axis, y-axis and 
z-axis (the sequences are represented as x, y, and z in previous sections). As a 
result, there are three features for each parameter. Therefore, 18 features are 
attained from six parameters which are already listed in Table II.  The features 
that have high variance in distinguishing various Arabic characters from air 
writing data are included in the Table II. Now, among the selected features 
there may have some features which are highly correlated to each other. They 
will then have a similar influence on the target variable, and including both in 
the model will be unnecessary. Therefore, we can eliminate one of  them 
without affecting the model's performance. Such redundant features from 
feature set can be identified by analyzing the heatmap of  the covariance of  
different features. Eq. (12) is used to determine the covariance between two 
features.  Figure 8 shows a heatmap illustrating the covariance between 
different features.  The heatmap clearly shows that the mean of  acceleration 
in x-direction () is closely associated with its standard deviation () and spectral 
energy (). As a result, it will not be necessary to include all three features in the 
model because their effects on the target variable will be identical. Only  is 
therefore thought of  as a feature that requires less computation compared to  
and . We can also ignore the parameters standard deviation of  acceleration in 
the y-direction () and entropy of  acceleration in all directions (EntropyX, 
EntropyY, and EntropyZ) for the same reason. It is shown in Figure 9.

Figure 8
Heatmap illustrating the covariance between different features.

The number of  features left after eliminating the redundant feature is 12. 
Various supervised machine learning models are trained using these features. 
The accuracy of  the models and their parameter settings in identifying Arabic 
characters from air writing is reported in Table III. For the developed air 
writing data set of  Arabic characters, it is seen that the majority of  K-Nearest 
Neighbor (KNN) and Support Vector Machine (SVM) models exhibit 
outstanding classification accuracy in recognizing Arabic characters from 
air-writing data. Both the medium Gaussian SVM and the fine KNN models 
show maximum accuracy of  98.5%.

Figure 9
Reduction of  highly correlated feature.

Table III
Classification accuracy of  different supervised learning models for the recognition of  air-writing of  Arabic Characters.

The confusion matrix for Fine KNN model is shown in Figure 10. It 
demonstrates that, out of  25 instances, the model correctly classified 23 to 25 
instances for each Arabic character. Figure 11 displays the Fine KNN 
model's accuracy in detecting each individual Arabic character from 
air-writing. The findings of  this research have been compared with some of  
the most recent studies on air-writing for other languages since there was no 
research on Arabic air-writing. The comparison is shown in Table IV. The 
comparison shows that the existing supervised machine learning models 
predict the developed data set for Arabic air-writing more accurately than 
many other models that have been proposed for other languages.

Figure 10
Confusion matrix in recognition of  Arabic characters in air-writing by Fine KNN.

14 Cosine KNN 95.3% No. of  neighbors:10, Distance metric: Cosine, 
   Distance weight: Equal, Standardize data: true

15 Cubic KNN 94% No. of  neighbors:10, Distance metric: Minkowski, 
   Distance weight: Equal, Standardize data: true

16 Weighted KNN 97.5% No. of  neighbors:10, Distance metric: Euclidean, 
   Distance weight: Squared inverse, Standardize data: true
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Figure 11
Accuracy in identifying Arabic characters from air-writing by Fine KNN model.

Table IV
Comparison of  the results with recent studies.

5. Conclusion 
In this research, a data acquisition system is constructed to capture data of  
Arabic characters written in the air, and a motion sensor-based air-writing 
dataset is created using this system. The developed dataset is then used to 
assess the accuracy of  various supervised machine learning models in 
recognizing Arabic characters in air-writing. It has been observed that 
existing machine learning models effectively recognize Arabic letters from 
air-writing data, achieving a maximum accuracy of  98.5%. This technique 
holds the potential to facilitate inputting Arabic text into digital devices 
without the need for a keyboard or touch screen, thereby enhancing 
user-friendly human-machine interaction. However, there are some 
drawbacks to the suggested air-writing technique. It requires the entire hand 
to move, making it time-consuming, labor-intensive, and demanding in terms 

of  space. In the future, the proposed system could be further developed to 
recognize Arabic air-writing based on finger movements, potentially making 
the air-writing process quicker, more effortless, and space-efficient.
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1. Introduction
Loan-granting is a crucial operation to increase bank's profitability and 
maintenance. Even slight advances in default prediction might result in large 
revenues for banks. However, deciding to approve a loan is difficult and 
dangerous since banks must correctly forecast defaults to prevent financial 
losses, particularly during economic crises. According to Thomas, Crook and 
Edelman (2017) they noticed various factors influencing the rate of  default 
throughout a period, including the price of  money (that is, interest rate), 

credit availability and need, the status of  the country's economy, and the 
cyclical fluctuations of  credit through time. Aside from these factors, the 
accessibility of  data, exactness, and dependability make the default forecast 
considerably more difficult than other domain-dependent categorization 
tasks. Furthermore, because the number of  loan applicants is massive, it is 
difficult for bankers to calculate the appropriate risk-to-profitability ratio. 
When a customer requests a loan, lenders must assess the applicant's 
solvency before approving the loan. Because the bank's risk tolerance and 
financial objectives are tied to this issue. As a result, loan approval models 
play a vital role in assisting bankers in making sound decisions.

However, the real-world scenario is different. The number of  classes in 
a real-world dataset is not equal. Because of  these inequalities, the loan 
approval model cannot produce an accurate result, instead produces a biased 
output. Recently, ML researchers guided how to handle a data set with 
imbalances. Haixiang, Yijing, Shang, Mingyun, Yuanyue and Bing (2017) 
highlight two approaches commonly used in this context: Resampling and 
Ensemble methods. The resampling strategy focuses on class distribution, 
whereas the ensemble technique focuses on numerous poor classifiers that 
work together to create a more effective and sound model. Although these 
strategies are frequently employed, they are not without flaws. The most 
basic kind of  over-sampling is to replicate random data of  the minority 
group, thus might result in overfitting. The simplest under-sampling strategy 
includes eliminating arbitrary samples from the dominant  class, therefore 
might result in information loss. On the other hand, previous research 
(Haixiang, Yijing, Shang, Mingyun, Yuanyue, & Bing, 2017) has shown that 
ensemble learning algorithms perform better than a single model in the case 
of  skewed datasets. They have been widely applied to dealing with various 
real-world challenges, such as credit reporting and class imbalance problems. 
Bagging and boosting are two methods for incorporating basic classifiers 
into a powerful classifier. The bagging approach is a concurrent ensemble 
technique that creates the primary classifiers simultaneously whereas the 
boosting method is a sequential approach that builds the base classifiers 
sequentially, with the final classifiers impacted by the initial classifiers.

However, the integration of  preprocessing methods, dynamic selection 
strategies, and group generators leads only to the work of  De Melo Junior, 
Nardini, Renso and de Macêdo (2019). This particular study stands out 
because it incorporates a combination of  techniques rather than evaluating 
individual methods in isolation. The authors of  this work explored the 
effectiveness of  preprocessing techniques, dynamic selection methods 
(automatically selecting the most competent classifiers for prediction), and 

clustering generators (generation of  diverse taxonomy). One of  the 
important things is, that De Melo Junior, Nardini, Renso and de Macêdo 
(2019) mainly focused on the comparison of  these techniques rather than the 
methodology of  the techniques. Their study delivers very useful information 
rather than introducing new techniques.

Among the Data-level approaches, such as oversampling (Batista, Prati, 
& Monard, 2004) and the under-sampling methods (Zhang & Mani, 2003; Li, 
Zhu, & Wu, 2020) a popular oversampling method is the synthetic minority 
oversampling technique (SMOTE) (Chawla, Bowyer, Hall, & Kegelmeyer, 
2002), which has many applications and also practice in different fields.

The classic SMOTE method and its many extensions (Chawla, 
Lazarevic, Hall, & Bowyer, 2003; Han, Wang, & Mao, 2005; Sinapiromsaran 
& Lursinsap, 2009; Tang, Zhang, Chawla, & Krasser, 2008; Bai & Garcia, 
2008; Prusty, Jayanthi, & Velusamy, 2017; Douzas, Bacao, & Last, 2018; Susan 
& Kumar, 2019; Cover, & Hart, 1967) uses the k-Nearest Neighbor (KNN) 
algorithm to generate new samples. These approaches attempt to aggregate 
minority class samples by computing the arbitrary difference between a 
chosen source sample and one of  its nearest neighbor samples. Several 
improved variants have been proposed based on this principle, including 
borderline SMOTE (Han, Wang, & Mao, 2005), safe-level SMOTE 
(Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009), ADASYN (He, Bai, 
Garcia, & Li 2008), SMOTE-IPF (Sáez, Luengo, Stefanowski, & Herrera, 
2015) and k-means SMOTE (Douzas, Bacao, & Last, 2018). These variations 
introduced additional considerations to improve the efficiency of  the 
SMOTE technique and overcome potential limitations. However, SMOTE is 
capable of  generating noisy, finite, and repetitive patterns, which can affect 
the possibility of  misclassification of  the dominant class that makes up the 
original data. By using oversampling, Emu, Jahin, Akter, Patwary and Akter 
(2022) were able to increase the sample size for the minority while preserving 
the proportions of  low classification errors for the group, which kept the 
majority class. Their method, however, has problems with how well 
weighting filters out minority data. Their weighting procedure proved to be 
inadequately effective, which can have a significant impact on assessing the 
importance of  each minority sample. In terms of  filtering and adaptive 
representation for the minority class instance, this strategy does not produce 
the best results. This constraint emphasizes the need to create reliable and 
effective methods for handling minority class samples in oversampling 
approaches.

Considering the aforementioned issues, especially those related to 
SMOTE and WBOT, this paper offers a novel strategy based on fuzzy 

c-means clustering.  This oversampling method makes use of  fuzzy 
computing and clustering to boost composite sample production. It allocates 
data points to various clusters with variable degrees of  membership. The 
proposed strategy tries to fabricate composite examples that are more 
representative, consequently limiting the effect on the misclassification pace 
of  the ruling classes. An improvement in oversampling adequacy in case of  
class imbalance has been done by this innovative procedure.

The remaining sections of  this study are organized as follows: The 
literature review is fully reported in Part II, which is followed by Part III on 
imbalanced data and Part IV on the suggested technique, and Part V on the 
findings. The work is concluded by part VI with suggestions for more 
investigation.

2. Related works
In a study, De Melo Junior, Nardini, Renso, and de Macêdo, (2019) 
conducted extensive research on credit scoring, focusing on four datasets 
with an imbalance ratio (IR) of  25%. The analysts pointed to judge the value 
of  different methods in tending to class imbalance, counting under-sampling 
strategies such as Random Under-Sampling (RUS), oversampling methods 
like Smote and Random Over-Sampling, as well as ensemble strategies like 
homogeneous selection and dynamic selection. Additionally, they examined 
the performance of  these approaches when combined with pool generators.
In contrast to conventional credit valuation approaches, Serrano-Cinca and 
Gutirrez-Nieto, (2016) proposed an elective strategy that employments the 
inside rate of  return (IRR) rather than the twofold IDs of  the default 
advance. By considering the IRR as a preparation measure, the creators need 
to adjust the credit rating models with the profit-oriented objectives of  
monetary education. This procedure offers an exciting viewpoint because it 
centers on maximizing benefits and not only forecasting. Bastani, Asgari and 
Namavari (2019) presented a diverse point of  view on credit evaluation by 
evaluating not only the probability of  default but also profitability. They offer 
a two-phase approach that uses a comprehensive and in-depth learning 
strategy to associate dropout assessment with profitability. By counting 
productivity as a deciding figure, their approach gives a more comprehensive 
examination that considers both the risk and potential money related to loan 
approvals. Sousa, Gama and Brandão (2016) proposed a show for credit 
chance examination and stated that active models tend to surpass inactive 
models in terms of  estimate exactness. However, despite the outstanding 
performance of  dynamic models, the writers note that ordinary models are 
still more broadly utilized within the economic industry. This finding

Research work Language Method Accuracy
Mukherjee, Ahmed, Dogra, Kar, & Roy, 2019 English Computer vision based 96.11%
Joseph, Talpade, Suvarna, & Mendonca, 2018 English Computer vision based 86.9%
Hayakawa, Goncharenko, & Gu, 2022 Japanise Computer vision based 92.5%
Wang, Su, & Lin., 2015 English Digit Kinnect Sensor based 96.8%
Xu, Pathak, & Mohapatra, 2015 English letter Motion sensor based 95%
Yin, Xie, Gu, Lu, & Lu, 2019 English letter Motion sensor based 94.3%

Luo, Liu, & Shimamoto, 2021 English letter
 and number Motion sensor based 88.4%

Arsalan, & Santra, 2019 English letter Radar sensor based 98.33%
Fu, Xu, Zhu, Liu, & Sun, 2018 English letter WiFi signal based 88.74%
Proposed Arabic Alphabet Motion sensor based 98.5%
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Figure 11
Accuracy in identifying Arabic characters from air-writing by Fine KNN model.

Table IV
Comparison of  the results with recent studies.

5. Conclusion 
In this research, a data acquisition system is constructed to capture data of  
Arabic characters written in the air, and a motion sensor-based air-writing 
dataset is created using this system. The developed dataset is then used to 
assess the accuracy of  various supervised machine learning models in 
recognizing Arabic characters in air-writing. It has been observed that 
existing machine learning models effectively recognize Arabic letters from 
air-writing data, achieving a maximum accuracy of  98.5%. This technique 
holds the potential to facilitate inputting Arabic text into digital devices 
without the need for a keyboard or touch screen, thereby enhancing 
user-friendly human-machine interaction. However, there are some 
drawbacks to the suggested air-writing technique. It requires the entire hand 
to move, making it time-consuming, labor-intensive, and demanding in terms 

of  space. In the future, the proposed system could be further developed to 
recognize Arabic air-writing based on finger movements, potentially making 
the air-writing process quicker, more effortless, and space-efficient.
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1. Introduction
Loan-granting is a crucial operation to increase bank's profitability and 
maintenance. Even slight advances in default prediction might result in large 
revenues for banks. However, deciding to approve a loan is difficult and 
dangerous since banks must correctly forecast defaults to prevent financial 
losses, particularly during economic crises. According to Thomas, Crook and 
Edelman (2017) they noticed various factors influencing the rate of  default 
throughout a period, including the price of  money (that is, interest rate), 

credit availability and need, the status of  the country's economy, and the 
cyclical fluctuations of  credit through time. Aside from these factors, the 
accessibility of  data, exactness, and dependability make the default forecast 
considerably more difficult than other domain-dependent categorization 
tasks. Furthermore, because the number of  loan applicants is massive, it is 
difficult for bankers to calculate the appropriate risk-to-profitability ratio. 
When a customer requests a loan, lenders must assess the applicant's 
solvency before approving the loan. Because the bank's risk tolerance and 
financial objectives are tied to this issue. As a result, loan approval models 
play a vital role in assisting bankers in making sound decisions.

However, the real-world scenario is different. The number of  classes in 
a real-world dataset is not equal. Because of  these inequalities, the loan 
approval model cannot produce an accurate result, instead produces a biased 
output. Recently, ML researchers guided how to handle a data set with 
imbalances. Haixiang, Yijing, Shang, Mingyun, Yuanyue and Bing (2017) 
highlight two approaches commonly used in this context: Resampling and 
Ensemble methods. The resampling strategy focuses on class distribution, 
whereas the ensemble technique focuses on numerous poor classifiers that 
work together to create a more effective and sound model. Although these 
strategies are frequently employed, they are not without flaws. The most 
basic kind of  over-sampling is to replicate random data of  the minority 
group, thus might result in overfitting. The simplest under-sampling strategy 
includes eliminating arbitrary samples from the dominant  class, therefore 
might result in information loss. On the other hand, previous research 
(Haixiang, Yijing, Shang, Mingyun, Yuanyue, & Bing, 2017) has shown that 
ensemble learning algorithms perform better than a single model in the case 
of  skewed datasets. They have been widely applied to dealing with various 
real-world challenges, such as credit reporting and class imbalance problems. 
Bagging and boosting are two methods for incorporating basic classifiers 
into a powerful classifier. The bagging approach is a concurrent ensemble 
technique that creates the primary classifiers simultaneously whereas the 
boosting method is a sequential approach that builds the base classifiers 
sequentially, with the final classifiers impacted by the initial classifiers.

However, the integration of  preprocessing methods, dynamic selection 
strategies, and group generators leads only to the work of  De Melo Junior, 
Nardini, Renso and de Macêdo (2019). This particular study stands out 
because it incorporates a combination of  techniques rather than evaluating 
individual methods in isolation. The authors of  this work explored the 
effectiveness of  preprocessing techniques, dynamic selection methods 
(automatically selecting the most competent classifiers for prediction), and 

clustering generators (generation of  diverse taxonomy). One of  the 
important things is, that De Melo Junior, Nardini, Renso and de Macêdo 
(2019) mainly focused on the comparison of  these techniques rather than the 
methodology of  the techniques. Their study delivers very useful information 
rather than introducing new techniques.

Among the Data-level approaches, such as oversampling (Batista, Prati, 
& Monard, 2004) and the under-sampling methods (Zhang & Mani, 2003; Li, 
Zhu, & Wu, 2020) a popular oversampling method is the synthetic minority 
oversampling technique (SMOTE) (Chawla, Bowyer, Hall, & Kegelmeyer, 
2002), which has many applications and also practice in different fields.

The classic SMOTE method and its many extensions (Chawla, 
Lazarevic, Hall, & Bowyer, 2003; Han, Wang, & Mao, 2005; Sinapiromsaran 
& Lursinsap, 2009; Tang, Zhang, Chawla, & Krasser, 2008; Bai & Garcia, 
2008; Prusty, Jayanthi, & Velusamy, 2017; Douzas, Bacao, & Last, 2018; Susan 
& Kumar, 2019; Cover, & Hart, 1967) uses the k-Nearest Neighbor (KNN) 
algorithm to generate new samples. These approaches attempt to aggregate 
minority class samples by computing the arbitrary difference between a 
chosen source sample and one of  its nearest neighbor samples. Several 
improved variants have been proposed based on this principle, including 
borderline SMOTE (Han, Wang, & Mao, 2005), safe-level SMOTE 
(Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009), ADASYN (He, Bai, 
Garcia, & Li 2008), SMOTE-IPF (Sáez, Luengo, Stefanowski, & Herrera, 
2015) and k-means SMOTE (Douzas, Bacao, & Last, 2018). These variations 
introduced additional considerations to improve the efficiency of  the 
SMOTE technique and overcome potential limitations. However, SMOTE is 
capable of  generating noisy, finite, and repetitive patterns, which can affect 
the possibility of  misclassification of  the dominant class that makes up the 
original data. By using oversampling, Emu, Jahin, Akter, Patwary and Akter 
(2022) were able to increase the sample size for the minority while preserving 
the proportions of  low classification errors for the group, which kept the 
majority class. Their method, however, has problems with how well 
weighting filters out minority data. Their weighting procedure proved to be 
inadequately effective, which can have a significant impact on assessing the 
importance of  each minority sample. In terms of  filtering and adaptive 
representation for the minority class instance, this strategy does not produce 
the best results. This constraint emphasizes the need to create reliable and 
effective methods for handling minority class samples in oversampling 
approaches.

Considering the aforementioned issues, especially those related to 
SMOTE and WBOT, this paper offers a novel strategy based on fuzzy 

c-means clustering.  This oversampling method makes use of  fuzzy 
computing and clustering to boost composite sample production. It allocates 
data points to various clusters with variable degrees of  membership. The 
proposed strategy tries to fabricate composite examples that are more 
representative, consequently limiting the effect on the misclassification pace 
of  the ruling classes. An improvement in oversampling adequacy in case of  
class imbalance has been done by this innovative procedure.

The remaining sections of  this study are organized as follows: The 
literature review is fully reported in Part II, which is followed by Part III on 
imbalanced data and Part IV on the suggested technique, and Part V on the 
findings. The work is concluded by part VI with suggestions for more 
investigation.

2. Related works
In a study, De Melo Junior, Nardini, Renso, and de Macêdo, (2019) 
conducted extensive research on credit scoring, focusing on four datasets 
with an imbalance ratio (IR) of  25%. The analysts pointed to judge the value 
of  different methods in tending to class imbalance, counting under-sampling 
strategies such as Random Under-Sampling (RUS), oversampling methods 
like Smote and Random Over-Sampling, as well as ensemble strategies like 
homogeneous selection and dynamic selection. Additionally, they examined 
the performance of  these approaches when combined with pool generators.
In contrast to conventional credit valuation approaches, Serrano-Cinca and 
Gutirrez-Nieto, (2016) proposed an elective strategy that employments the 
inside rate of  return (IRR) rather than the twofold IDs of  the default 
advance. By considering the IRR as a preparation measure, the creators need 
to adjust the credit rating models with the profit-oriented objectives of  
monetary education. This procedure offers an exciting viewpoint because it 
centers on maximizing benefits and not only forecasting. Bastani, Asgari and 
Namavari (2019) presented a diverse point of  view on credit evaluation by 
evaluating not only the probability of  default but also profitability. They offer 
a two-phase approach that uses a comprehensive and in-depth learning 
strategy to associate dropout assessment with profitability. By counting 
productivity as a deciding figure, their approach gives a more comprehensive 
examination that considers both the risk and potential money related to loan 
approvals. Sousa, Gama and Brandão (2016) proposed a show for credit 
chance examination and stated that active models tend to surpass inactive 
models in terms of  estimate exactness. However, despite the outstanding 
performance of  dynamic models, the writers note that ordinary models are 
still more broadly utilized within the economic industry. This finding
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Figure 11
Accuracy in identifying Arabic characters from air-writing by Fine KNN model.

Table IV
Comparison of  the results with recent studies.

5. Conclusion 
In this research, a data acquisition system is constructed to capture data of  
Arabic characters written in the air, and a motion sensor-based air-writing 
dataset is created using this system. The developed dataset is then used to 
assess the accuracy of  various supervised machine learning models in 
recognizing Arabic characters in air-writing. It has been observed that 
existing machine learning models effectively recognize Arabic letters from 
air-writing data, achieving a maximum accuracy of  98.5%. This technique 
holds the potential to facilitate inputting Arabic text into digital devices 
without the need for a keyboard or touch screen, thereby enhancing 
user-friendly human-machine interaction. However, there are some 
drawbacks to the suggested air-writing technique. It requires the entire hand 
to move, making it time-consuming, labor-intensive, and demanding in terms 

of  space. In the future, the proposed system could be further developed to 
recognize Arabic air-writing based on finger movements, potentially making 
the air-writing process quicker, more effortless, and space-efficient.
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1. Introduction
Loan-granting is a crucial operation to increase bank's profitability and 
maintenance. Even slight advances in default prediction might result in large 
revenues for banks. However, deciding to approve a loan is difficult and 
dangerous since banks must correctly forecast defaults to prevent financial 
losses, particularly during economic crises. According to Thomas, Crook and 
Edelman (2017) they noticed various factors influencing the rate of  default 
throughout a period, including the price of  money (that is, interest rate), 

credit availability and need, the status of  the country's economy, and the 
cyclical fluctuations of  credit through time. Aside from these factors, the 
accessibility of  data, exactness, and dependability make the default forecast 
considerably more difficult than other domain-dependent categorization 
tasks. Furthermore, because the number of  loan applicants is massive, it is 
difficult for bankers to calculate the appropriate risk-to-profitability ratio. 
When a customer requests a loan, lenders must assess the applicant's 
solvency before approving the loan. Because the bank's risk tolerance and 
financial objectives are tied to this issue. As a result, loan approval models 
play a vital role in assisting bankers in making sound decisions.

However, the real-world scenario is different. The number of  classes in 
a real-world dataset is not equal. Because of  these inequalities, the loan 
approval model cannot produce an accurate result, instead produces a biased 
output. Recently, ML researchers guided how to handle a data set with 
imbalances. Haixiang, Yijing, Shang, Mingyun, Yuanyue and Bing (2017) 
highlight two approaches commonly used in this context: Resampling and 
Ensemble methods. The resampling strategy focuses on class distribution, 
whereas the ensemble technique focuses on numerous poor classifiers that 
work together to create a more effective and sound model. Although these 
strategies are frequently employed, they are not without flaws. The most 
basic kind of  over-sampling is to replicate random data of  the minority 
group, thus might result in overfitting. The simplest under-sampling strategy 
includes eliminating arbitrary samples from the dominant  class, therefore 
might result in information loss. On the other hand, previous research 
(Haixiang, Yijing, Shang, Mingyun, Yuanyue, & Bing, 2017) has shown that 
ensemble learning algorithms perform better than a single model in the case 
of  skewed datasets. They have been widely applied to dealing with various 
real-world challenges, such as credit reporting and class imbalance problems. 
Bagging and boosting are two methods for incorporating basic classifiers 
into a powerful classifier. The bagging approach is a concurrent ensemble 
technique that creates the primary classifiers simultaneously whereas the 
boosting method is a sequential approach that builds the base classifiers 
sequentially, with the final classifiers impacted by the initial classifiers.

However, the integration of  preprocessing methods, dynamic selection 
strategies, and group generators leads only to the work of  De Melo Junior, 
Nardini, Renso and de Macêdo (2019). This particular study stands out 
because it incorporates a combination of  techniques rather than evaluating 
individual methods in isolation. The authors of  this work explored the 
effectiveness of  preprocessing techniques, dynamic selection methods 
(automatically selecting the most competent classifiers for prediction), and 

clustering generators (generation of  diverse taxonomy). One of  the 
important things is, that De Melo Junior, Nardini, Renso and de Macêdo 
(2019) mainly focused on the comparison of  these techniques rather than the 
methodology of  the techniques. Their study delivers very useful information 
rather than introducing new techniques.

Among the Data-level approaches, such as oversampling (Batista, Prati, 
& Monard, 2004) and the under-sampling methods (Zhang & Mani, 2003; Li, 
Zhu, & Wu, 2020) a popular oversampling method is the synthetic minority 
oversampling technique (SMOTE) (Chawla, Bowyer, Hall, & Kegelmeyer, 
2002), which has many applications and also practice in different fields.

The classic SMOTE method and its many extensions (Chawla, 
Lazarevic, Hall, & Bowyer, 2003; Han, Wang, & Mao, 2005; Sinapiromsaran 
& Lursinsap, 2009; Tang, Zhang, Chawla, & Krasser, 2008; Bai & Garcia, 
2008; Prusty, Jayanthi, & Velusamy, 2017; Douzas, Bacao, & Last, 2018; Susan 
& Kumar, 2019; Cover, & Hart, 1967) uses the k-Nearest Neighbor (KNN) 
algorithm to generate new samples. These approaches attempt to aggregate 
minority class samples by computing the arbitrary difference between a 
chosen source sample and one of  its nearest neighbor samples. Several 
improved variants have been proposed based on this principle, including 
borderline SMOTE (Han, Wang, & Mao, 2005), safe-level SMOTE 
(Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009), ADASYN (He, Bai, 
Garcia, & Li 2008), SMOTE-IPF (Sáez, Luengo, Stefanowski, & Herrera, 
2015) and k-means SMOTE (Douzas, Bacao, & Last, 2018). These variations 
introduced additional considerations to improve the efficiency of  the 
SMOTE technique and overcome potential limitations. However, SMOTE is 
capable of  generating noisy, finite, and repetitive patterns, which can affect 
the possibility of  misclassification of  the dominant class that makes up the 
original data. By using oversampling, Emu, Jahin, Akter, Patwary and Akter 
(2022) were able to increase the sample size for the minority while preserving 
the proportions of  low classification errors for the group, which kept the 
majority class. Their method, however, has problems with how well 
weighting filters out minority data. Their weighting procedure proved to be 
inadequately effective, which can have a significant impact on assessing the 
importance of  each minority sample. In terms of  filtering and adaptive 
representation for the minority class instance, this strategy does not produce 
the best results. This constraint emphasizes the need to create reliable and 
effective methods for handling minority class samples in oversampling 
approaches.

Considering the aforementioned issues, especially those related to 
SMOTE and WBOT, this paper offers a novel strategy based on fuzzy 

c-means clustering.  This oversampling method makes use of  fuzzy 
computing and clustering to boost composite sample production. It allocates 
data points to various clusters with variable degrees of  membership. The 
proposed strategy tries to fabricate composite examples that are more 
representative, consequently limiting the effect on the misclassification pace 
of  the ruling classes. An improvement in oversampling adequacy in case of  
class imbalance has been done by this innovative procedure.

The remaining sections of  this study are organized as follows: The 
literature review is fully reported in Part II, which is followed by Part III on 
imbalanced data and Part IV on the suggested technique, and Part V on the 
findings. The work is concluded by part VI with suggestions for more 
investigation.

2. Related works
In a study, De Melo Junior, Nardini, Renso, and de Macêdo, (2019) 
conducted extensive research on credit scoring, focusing on four datasets 
with an imbalance ratio (IR) of  25%. The analysts pointed to judge the value 
of  different methods in tending to class imbalance, counting under-sampling 
strategies such as Random Under-Sampling (RUS), oversampling methods 
like Smote and Random Over-Sampling, as well as ensemble strategies like 
homogeneous selection and dynamic selection. Additionally, they examined 
the performance of  these approaches when combined with pool generators.
In contrast to conventional credit valuation approaches, Serrano-Cinca and 
Gutirrez-Nieto, (2016) proposed an elective strategy that employments the 
inside rate of  return (IRR) rather than the twofold IDs of  the default 
advance. By considering the IRR as a preparation measure, the creators need 
to adjust the credit rating models with the profit-oriented objectives of  
monetary education. This procedure offers an exciting viewpoint because it 
centers on maximizing benefits and not only forecasting. Bastani, Asgari and 
Namavari (2019) presented a diverse point of  view on credit evaluation by 
evaluating not only the probability of  default but also profitability. They offer 
a two-phase approach that uses a comprehensive and in-depth learning 
strategy to associate dropout assessment with profitability. By counting 
productivity as a deciding figure, their approach gives a more comprehensive 
examination that considers both the risk and potential money related to loan 
approvals. Sousa, Gama and Brandão (2016) proposed a show for credit 
chance examination and stated that active models tend to surpass inactive 
models in terms of  estimate exactness. However, despite the outstanding 
performance of  dynamic models, the writers note that ordinary models are 
still more broadly utilized within the economic industry. This finding
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Figure 11
Accuracy in identifying Arabic characters from air-writing by Fine KNN model.

Table IV
Comparison of  the results with recent studies.

5. Conclusion 
In this research, a data acquisition system is constructed to capture data of  
Arabic characters written in the air, and a motion sensor-based air-writing 
dataset is created using this system. The developed dataset is then used to 
assess the accuracy of  various supervised machine learning models in 
recognizing Arabic characters in air-writing. It has been observed that 
existing machine learning models effectively recognize Arabic letters from 
air-writing data, achieving a maximum accuracy of  98.5%. This technique 
holds the potential to facilitate inputting Arabic text into digital devices 
without the need for a keyboard or touch screen, thereby enhancing 
user-friendly human-machine interaction. However, there are some 
drawbacks to the suggested air-writing technique. It requires the entire hand 
to move, making it time-consuming, labor-intensive, and demanding in terms 

of  space. In the future, the proposed system could be further developed to 
recognize Arabic air-writing based on finger movements, potentially making 
the air-writing process quicker, more effortless, and space-efficient.
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1. Introduction
Loan-granting is a crucial operation to increase bank's profitability and 
maintenance. Even slight advances in default prediction might result in large 
revenues for banks. However, deciding to approve a loan is difficult and 
dangerous since banks must correctly forecast defaults to prevent financial 
losses, particularly during economic crises. According to Thomas, Crook and 
Edelman (2017) they noticed various factors influencing the rate of  default 
throughout a period, including the price of  money (that is, interest rate), 

credit availability and need, the status of  the country's economy, and the 
cyclical fluctuations of  credit through time. Aside from these factors, the 
accessibility of  data, exactness, and dependability make the default forecast 
considerably more difficult than other domain-dependent categorization 
tasks. Furthermore, because the number of  loan applicants is massive, it is 
difficult for bankers to calculate the appropriate risk-to-profitability ratio. 
When a customer requests a loan, lenders must assess the applicant's 
solvency before approving the loan. Because the bank's risk tolerance and 
financial objectives are tied to this issue. As a result, loan approval models 
play a vital role in assisting bankers in making sound decisions.

However, the real-world scenario is different. The number of  classes in 
a real-world dataset is not equal. Because of  these inequalities, the loan 
approval model cannot produce an accurate result, instead produces a biased 
output. Recently, ML researchers guided how to handle a data set with 
imbalances. Haixiang, Yijing, Shang, Mingyun, Yuanyue and Bing (2017) 
highlight two approaches commonly used in this context: Resampling and 
Ensemble methods. The resampling strategy focuses on class distribution, 
whereas the ensemble technique focuses on numerous poor classifiers that 
work together to create a more effective and sound model. Although these 
strategies are frequently employed, they are not without flaws. The most 
basic kind of  over-sampling is to replicate random data of  the minority 
group, thus might result in overfitting. The simplest under-sampling strategy 
includes eliminating arbitrary samples from the dominant  class, therefore 
might result in information loss. On the other hand, previous research 
(Haixiang, Yijing, Shang, Mingyun, Yuanyue, & Bing, 2017) has shown that 
ensemble learning algorithms perform better than a single model in the case 
of  skewed datasets. They have been widely applied to dealing with various 
real-world challenges, such as credit reporting and class imbalance problems. 
Bagging and boosting are two methods for incorporating basic classifiers 
into a powerful classifier. The bagging approach is a concurrent ensemble 
technique that creates the primary classifiers simultaneously whereas the 
boosting method is a sequential approach that builds the base classifiers 
sequentially, with the final classifiers impacted by the initial classifiers.

However, the integration of  preprocessing methods, dynamic selection 
strategies, and group generators leads only to the work of  De Melo Junior, 
Nardini, Renso and de Macêdo (2019). This particular study stands out 
because it incorporates a combination of  techniques rather than evaluating 
individual methods in isolation. The authors of  this work explored the 
effectiveness of  preprocessing techniques, dynamic selection methods 
(automatically selecting the most competent classifiers for prediction), and 

clustering generators (generation of  diverse taxonomy). One of  the 
important things is, that De Melo Junior, Nardini, Renso and de Macêdo 
(2019) mainly focused on the comparison of  these techniques rather than the 
methodology of  the techniques. Their study delivers very useful information 
rather than introducing new techniques.

Among the Data-level approaches, such as oversampling (Batista, Prati, 
& Monard, 2004) and the under-sampling methods (Zhang & Mani, 2003; Li, 
Zhu, & Wu, 2020) a popular oversampling method is the synthetic minority 
oversampling technique (SMOTE) (Chawla, Bowyer, Hall, & Kegelmeyer, 
2002), which has many applications and also practice in different fields.

The classic SMOTE method and its many extensions (Chawla, 
Lazarevic, Hall, & Bowyer, 2003; Han, Wang, & Mao, 2005; Sinapiromsaran 
& Lursinsap, 2009; Tang, Zhang, Chawla, & Krasser, 2008; Bai & Garcia, 
2008; Prusty, Jayanthi, & Velusamy, 2017; Douzas, Bacao, & Last, 2018; Susan 
& Kumar, 2019; Cover, & Hart, 1967) uses the k-Nearest Neighbor (KNN) 
algorithm to generate new samples. These approaches attempt to aggregate 
minority class samples by computing the arbitrary difference between a 
chosen source sample and one of  its nearest neighbor samples. Several 
improved variants have been proposed based on this principle, including 
borderline SMOTE (Han, Wang, & Mao, 2005), safe-level SMOTE 
(Bunkhumpornpat, Sinapiromsaran, & Lursinsap, 2009), ADASYN (He, Bai, 
Garcia, & Li 2008), SMOTE-IPF (Sáez, Luengo, Stefanowski, & Herrera, 
2015) and k-means SMOTE (Douzas, Bacao, & Last, 2018). These variations 
introduced additional considerations to improve the efficiency of  the 
SMOTE technique and overcome potential limitations. However, SMOTE is 
capable of  generating noisy, finite, and repetitive patterns, which can affect 
the possibility of  misclassification of  the dominant class that makes up the 
original data. By using oversampling, Emu, Jahin, Akter, Patwary and Akter 
(2022) were able to increase the sample size for the minority while preserving 
the proportions of  low classification errors for the group, which kept the 
majority class. Their method, however, has problems with how well 
weighting filters out minority data. Their weighting procedure proved to be 
inadequately effective, which can have a significant impact on assessing the 
importance of  each minority sample. In terms of  filtering and adaptive 
representation for the minority class instance, this strategy does not produce 
the best results. This constraint emphasizes the need to create reliable and 
effective methods for handling minority class samples in oversampling 
approaches.

Considering the aforementioned issues, especially those related to 
SMOTE and WBOT, this paper offers a novel strategy based on fuzzy 

c-means clustering.  This oversampling method makes use of  fuzzy 
computing and clustering to boost composite sample production. It allocates 
data points to various clusters with variable degrees of  membership. The 
proposed strategy tries to fabricate composite examples that are more 
representative, consequently limiting the effect on the misclassification pace 
of  the ruling classes. An improvement in oversampling adequacy in case of  
class imbalance has been done by this innovative procedure.

The remaining sections of  this study are organized as follows: The 
literature review is fully reported in Part II, which is followed by Part III on 
imbalanced data and Part IV on the suggested technique, and Part V on the 
findings. The work is concluded by part VI with suggestions for more 
investigation.

2. Related works
In a study, De Melo Junior, Nardini, Renso, and de Macêdo, (2019) 
conducted extensive research on credit scoring, focusing on four datasets 
with an imbalance ratio (IR) of  25%. The analysts pointed to judge the value 
of  different methods in tending to class imbalance, counting under-sampling 
strategies such as Random Under-Sampling (RUS), oversampling methods 
like Smote and Random Over-Sampling, as well as ensemble strategies like 
homogeneous selection and dynamic selection. Additionally, they examined 
the performance of  these approaches when combined with pool generators.
In contrast to conventional credit valuation approaches, Serrano-Cinca and 
Gutirrez-Nieto, (2016) proposed an elective strategy that employments the 
inside rate of  return (IRR) rather than the twofold IDs of  the default 
advance. By considering the IRR as a preparation measure, the creators need 
to adjust the credit rating models with the profit-oriented objectives of  
monetary education. This procedure offers an exciting viewpoint because it 
centers on maximizing benefits and not only forecasting. Bastani, Asgari and 
Namavari (2019) presented a diverse point of  view on credit evaluation by 
evaluating not only the probability of  default but also profitability. They offer 
a two-phase approach that uses a comprehensive and in-depth learning 
strategy to associate dropout assessment with profitability. By counting 
productivity as a deciding figure, their approach gives a more comprehensive 
examination that considers both the risk and potential money related to loan 
approvals. Sousa, Gama and Brandão (2016) proposed a show for credit 
chance examination and stated that active models tend to surpass inactive 
models in terms of  estimate exactness. However, despite the outstanding 
performance of  dynamic models, the writers note that ordinary models are 
still more broadly utilized within the economic industry. This finding


