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Abstract

The COVID-19 pandemic outbreak is the most significant event from 2019 until 2021. A
medical examination of radiological images is carried out to check the condition of the patient's
lungs. The limitations of this examination need alternative computer-assisted applications for
patient CXR. This research aims to implement a back-end and front-end-based Convolutional
Neural Network (CNN) model. Its advantage is that it can detect CXR images in real-time and
non-real-time using multi-classification, namely normal, pneumonia, and COVID-19. The CNN
model carries out the process of convolutional feature extraction and multi-layer perceptron
classification at the back-end stage. In contrast, it uses an Android mobile-based application at
the front-end stage. The research results show that the non-real-time condition has an accuracy
of 98%, while the real-time is 95% lower. This research produces model and application
performance that is flexible for user needs. The results can be recommended for developing
applications for more comprehensive users.
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1. INTRODUCTION

An infectious disease caused by the severe acute Respiratory Syndrome Coronavirus
Coronavirus-19 (COVID-19) [1]. COVID-19 is a virus that was first identified in Wuhan, China,
in December 2019. This virus is very easy to infect people [2], which then spreads throughout
China [3]. The WHO designated it as a pandemic because it's spreading all over the world. In
Indonesia, on 2 March 2020, the first case of COVID-19 was identified through tourism. The
symptoms of this virus are headache, cough, fatigue, fever, body aches and pains, and shortness
of breath [4]. Many contactless imaging techniques [5] have been developed during the COVID-
19 virus outbreak [6], [7] including one of them is radiological examination or imaging [8].

The protocol for testing whether a subject is infected with COVID-19 must be based on
clinical and epidemiological factors and assessing the possibility of infection. One of the tests
carried out in the laboratory as a clinical factor is a radiological or imaging examination.
Examination efforts have also concerned the Ministry of Health and related agencies. One of the
examinations that play an essential role in chest x-ray radiological examination. This examination
is carried out before the PCR examination is carried out. The two results of this examination are
carried out sequentially because they mutually reinforce one another [9]. Imaging examination
results have an accuracy of more than 90[8], [10], [11] as good as PCR [12].

Clinical and epidemiological data, along with an evaluation of the likelihood of infection,
should inform the technique for determining if an individual has COVID-19 infection. A
radiological or imaging examination is one of the clinical examinations conducted in the
laboratory. The Ministry of Health and allied authorities have also concentrated their attention on
examination activities. A chest x-ray radiological examination is a crucial diagnostic test. The
PCR examination comes first. We conduct the two outcomes of this evaluation sequentially, as
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they mutually reinforce each other [9]. The imaging examination results have a precision of over
90%[8], [10], [11], comparable to PCR [12].

PCR is a very specific way to diagnose COVID-19, but it takes a long time. Of course,
during the pandemic, there is a huge demand for this type of testing. This is the initial imaging
test [13] associated with pneumonia symptoms, followed by a chest X-ray (CXR) [14]. A
radiological test is crucial for numerous reasons, including [15]:. a) It saves time and money [11],
and it's easy to use because the results come out quickly and can work around equipment
problems. In contrast to the RT-PCR test results, the set of tests takes a long time [16]; b)
radiological tests can find viral infections early on instead of tests that come back negative [17].

Moreover, radiologists have performed radiological tests in several hospitals. Radiologists
continue to rely on their experience and visual aids; they frequently conduct various studies. When
the number of patients rises, the limited quantity of health workers, particularly radiologists, in
terms of number, staff, and skill is a constraining element. It inevitably leads to tension, boredom,
anxiety, and exhaustion [18]. This means that a reexamination may be necessary because the
analytical results may be more accurate. This course raises concerns about the legitimacy and
trustworthiness of a diagnostic result issued by the hospital, as well as concerns about the family's
protestations and the correctness of the examination results. In comparison to PCR, the primary
justification for radiological evaluation is its low cost and simplicity of release. Continuous chest
imaging is required while under surveillance or receiving treatment [19]. The benefit of the CXR
test is its accessibility in many clinics and hospitals, along with its speed, low cost, and
affordability for all demographics; yet, its accuracy is not as sensitive [10][20]. Thus, rather than
relying solely on eye visualization, radiologists can benefit from automated image recognition
systems to help them perform examinations and produce more accurate results.

There are two main types of methods used in picture recognition: machine learning (ML)
and deep learning (DL). Each of these methods has its benefits, depending on their time.
Historically, researchers have employed various machine learning techniques to automatically
categorize digital CXR pictures into distinct groups [21][22]. We calculate three statistical
features from the texture of the lungs in Bharathi using an SVM classifier to distinguish between
normal and malignant tumors in lung lumps. We use backpropagation [23] and the grey level-co-
occurrence matrix together to sort standard cancer photos into groups. Studies [13] [24] have
demonstrated the superiority of DL-based approaches over ML-based ones. The most common
deep-learning method used in medical imaging is CNN [25]. CNNs' major strength is their ability
to automatically recognize features from certain image domains. Unlike ML classification, the
strategy in CNN architecture training transfers the trained information from a network already
trained for one task to another. As a result, experts frequently use this method, especially for
medical imaging tests [13].

The DL method is a technique for learning representations that use many levels of
presentation. We create these levels by arranging basic non-linear modules, where each
transformation captures a low-level representation and gradually builds up to a high-level
representation or elementary abstract level, mirroring the functions of the human brain [25][26].
The acceptance of DL models as a significant advancement in artificial intelligence is growing in
society, particularly for their diverse applications in image recognition [27]. The use of DL as a
method for ML and pattern recognition is crucial in the field of medical image analysis [28]. It is
important to study its substantial impact in the domain of medical imaging [20]. Abbas et al. [13]
state that the main applications of medical image analysis are segmentation, classification, and
abnormality detection. These applications use images from various clinical imaging modalities.
We specifically developed CNN, a deep learning model, to handle data with a grid pattern. Its
goal is to autonomously and flexibly acquire knowledge about the spatial arrangement of
information, progressing from simple to more complex patterns [29].

The multilayer perceptron (MLP) is the source of the CNN classification technique.
CNNs consist of several input, convolution, and output layers [30]. The input layer's role is to
gather information about the image's dimensions. The convolution layer performs feature
extraction and selection by identifying meaningful image pixels using max pooling and average
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pooling techniques. The large pixels will select characteristics with smaller measurements.
Furthermore, the selected features will function as both the output of the feature extraction
procedure and the input to the neural network, specifically the fully connected layer [30]. This
neural network performs hyperparameter tweaking. The optimal settings will dictate the training
procedure's conclusion for testing and evaluation. Target labels, specifically normal, pneumonia,
and COVID-19, represent the outcome.

Prior researchers have conducted a review of the research on COVID-19 detection. These
options involve utilizing a front end, which can be either web-based [31], [32], or Android-based.
Alternatively, one can employ a back-end approach employing machine learning (ML) or deep
learning (DL) on the Python and TensorFlow frameworks [33]. Saiful conducted research on a
Python and TensorFlow framework-based back-end platform. Saiful assessed the effectiveness of
the implementation of the Convolutional Neural Network (CNN). The dataset used consists of
436 data points, with 358 allocated for training and 78 reserved for testing. This model offers
annotations for the COVID-19, viral pneumonia, and normal categories, with accuracy levels
ranging from 60% to 99%. Building on the work of [32], [33] uses a dataset consisting of 1,125
data points, including 125 cases of COVID-19, 500 cases of normal conditions, and 500 cases of
pneumonia. The acquired results exhibit an accuracy of 86.93% together with the swiftest
detection time of 0.0027 seconds. The findings suggest that the approach is suitable for use in
mobile applications. To conduct research [32], [33], it is necessary to use a back-end
programming method without a flexible user interface. Additionally, a mobile device cannot scan
the research in real-time and still relies on file input.

The researchers [31] created a backend using the Python and TensorFlow frameworks,
and a web-based frontend using HTML and JavaScript. The dataset has 329 data points, including
90 cases of COVID-19, 89 cases of viral pneumonia, and 90 cases of normal conditions. The
Mean Squared Error (MSE) loss function yielded a value of 0.0210, while the validation loss was
0.0409, both achieved by the Adams optimizer. The obtained accuracy value ranged from
approximately 89.6% to 90.89%, while the F1 score was 87.9%. Prior scholars [31][32] have
conducted a thorough examination of studies of COVID-19 identification. These options include
using a user interface, such as a web-based or Android front end, or employing machine learning
(ML) or deep learning (DL) on the Python and TensorFlow frameworks as a backend. Saiful
conducted research on a back-end platform using the Python and TensorFlow frameworks. We
evaluated the performance of the CNN implementation. The dataset used consists of 436 data
points, with 358 allocated for training and 78 for testing. This model offers annotations for the
COVID-19, viral pneumonia, and normal categories, with an accuracy rate ranging from 60% to
99%.

The following chapters describe this study. The introduction covers the benefits of
radiological examination and its development in front-end and back-end techniques. The method
delineates the phases of training, testing, and evaluation of the model and design utilized. In the
results and discussion section, we discuss the outcomes of the model simulation and the user's
(radiologist) front-end implementation. The research successfully achieved its ultimate goal,
which was to improve back-end performance over front-end performance.

2. RESEARCH METHOD

The researcher viewed the approach as both manual visualizations by a radiologist and an
application-based Android mobile (Figure 1). Radiologists observe CXR images using a tool.
Their outputs are viewed on real-time display and shifted to the left, right, output, and bottom
through horizontal and vertical rotation via inline and outline position. They look for cancer cell
areas and annotate the number of expressed cancer cells. They are classified based on the number
of thresholds determined by the WHO.
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Figure 1. Proposed Stages

Light illumination provides a bright effect on objects in the image. The radiologist’s eye
visualization will differentiate each area and color in the CXR section. Radiologists carry out
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diagnoses according to their knowledge and expertise. The team determining this diagnosis
involves a quorum of the same results. If it is not achieved, repeat. The automatic application
based on Android mobile captures CXR images and goes to pre-processing to segment CXR
images in sample form. The feature extraction process extracts the outputs using convolution,
max pooling, and average pooling processes to arrange feature maps. These processes use datasets
CXR images such as those described in the section Research Type.

The application includes (Figure 2): (1) User as a user; (2) Front-end as a graphical
application interface; (3) Back-End, the coding process of the Convolutional Neural Network
(CNN) algorithm; and 4) Rest APl (Application Programming Interface), a link between two
different platforms to communicate with each other through user access to resources on the server
(Google Colab).

+ + Keras
REST API . 3
REQUEST RESPONSE P
Request python
Inputs CXR 2
& Ve @ Android.
) Images « 2 :
: €= ¥ TensorFlowL ite 4m-
Pt ‘ :
— Response ‘
Recognition K Kotlin | <— oliicai
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ERONEEND Pra-Processing and Processing -
Data Gallery
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Figure 2 Software Design Architecture

2.1. Type of Research

This research is an experimental type of research, namely to produce a product in the
form of an Android mobile-based application that provides information on the results of
recognition of radiographic images of COVID-19 patients equipped with the distribution of
COVID-19 in Indonesia. The technique is through training and performance testing, which tests
the system's accuracy and speed of recognition.

The research carried out has several stages in image processing, namely at the first stage,
preparing and pre-processing the dataset, then loading the training dataset and testing the dataset
after the dataset is ready, then storing the dataset labels, are normal, viral pneumonia, and COVID-
19, after that, it is(Fig 1) carried out. Designing the CNN architecture, then the training dataset is
trained using the CNN architecture that has been designed previously to produce a model. Then,
the model is evaluated using the test dataset prepared to produce accuracy at the last stage.

The dataset used consisted of 4,411 training data samples (368 COVID-19; 2,734 viral
pneumonia; and 1,012 normal), 1,018 validation data samples (81 COVID-19; 684 viral
pneumonia; and 253 normal), and 1,288 testing data (116 COVID -19; 855 viral pneumonia; and
317 normal). The total dataset is 6,410 data samples. This dataset has a larger composition
compared to [9][34][32][33].

2.2. System Architecture

The pre-processing and processing process uses the Google Collaboratory framework's
CNN model, which uses Python and is equipped with the Tensorflow and Keras libraries. The
coding process in Colab is translated into TensorFlow-Lite as a framework that Kotlin can read
in Android Studio. Android Studio functions as a smartphone user device. When the user accesses
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the application menu feature, a request signal will be sent to the REST API, and the REST API
will connect the request to the destination resource (several frameworks and libraries). The Rest
API also sends responses as output. The final output received by the user is the result of
identifying the type of disease (ID) based on the input image for the user. The detailed description
is as follows.

The application includes (Figure 2): (1) User as a user; (2) Front end as a graphical
application interface; (3) Back End, the coding process of the Convolutional Neural Network
(CNN) algorithm; and 4) Rest API (Application Programming Interface), a link between two
different platforms to communicate with each other through user access to resources on the server
(Google Collaboratory).

2.2.1 Back End Design in Google Collaboratory

The first step is to import all the necessary libraries based on the needs of the TensorFlow
and Keras frameworks. The second step, retrieve datasets from Google Drive and coordinate
reading with Google Colab and Google Drive. The third step completes the data definition
process, which defines the data type and dimensions, making mathematical manipulation easier.
The fourth step, data splitting, divides data into training, validation, and testing sets. The fifth step
of pre-processing involves scaling, converting, and normalizing feature data. The sixth step
converts COVID-19 image data into a convolutional neural network (CNN) via feature extraction,
then convolution and max pooling from input to output. After reaching the output layer, the
seventh step classifies data into three classes. The sixth and seventh steps are critical for training
and testing. The eighth step calculates the model's score, accuracy, or precision using the
Confusion Matrix technique.

The CNN architecture used to handle the chest ray image dataset details the Google
Collaboratory modeling approach. CNN architecture has one input layer, six convolution layers,
and a flattened layer. After building the architecture, train it using the dataset. We train, validate,
and test the architecture using the training, validation, and testing data. COVID-19, viral
pneumonia, and normal imaging data classification are shown in Fig 3. The current image is
grayscale. Three different types of photos feed the back and front ends. CNN analyzes images.
Normal lungs are wide and covered in a white haze, while viral pneumonia has white masses in
the lung cavity. COVID-19-affected lungs feature white nodules that cover one-third, half, or
virtually the whole lung volume. This indicates each patient's COVID-19 severity, which varies.

The next step is feature extraction, which is done automatically by the model (which is
linked to CNN); in this case, CNN is both the feature extractor and the classifier. Eq (2-9)
illustrates the employed method.

The method of extracting features from start to finish [30] Equation 1 describes how to
apply convolution and a non-linear function in the network to determine the output on the layer
at position (i, j).

a;j =0o((W *X);; +b) 1)
S8 ) = 3 Lm0 heo C4 21 —u,2j = v) )
Output = o(W x f + b) 3
9(0) = ey @
L=>%L,00 - y()? (5)

AGIL,0W-y® oy
ay oW (i,j)

AW (i, j) = (6)
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Equation 2 implements pooling to introduce shifts after the convolution operation, next,
we generate Equation 3 by applying pooling to the last layer, followed by a fully linked
classification and output calculation. Classification is the process of assigning labels to each
category class using a neural network. We perform this additional step to extract features for the
CNN model. Since y(i) represents the desired output and y (i) is the obtained output (Equation
4). The comparison of training and testing data obtained the accuracy or error threshold values
(Equation 5). Equation 6 for the first derivative, the first derivative of equation 6 continues with
the sequential derivative on each of its nodes, as shown in equations 7-9.

The feature map visualization shows the output of the feature extractor. Following
CNN architecture, the first convolution layer processes the 224 x 224 pixel input picture with
three filters. A feature map, not logic, marks the patient's chest limitations in image two from the
left, using the background picture in the first condition. After receiving a 224x224 image, three
filters and max pooling give the convolution-1 layer 112x112 and 224x224 input-output
dimensions. The second convolution max uses three input filters, eight output filters, and 112x112
and 56x56 input-output dimensions. Thus, we form 1152 features up to convolution layer 6, using
7X7 input-output pixels and max pooling of 3x3 pixels with 128 filters.

The next step involves flattening, which utilizes all 1152 features in the input-output to
consolidate all features into a row vector or column vector for dense layer and dropout scenarios.
After it has passed through the dropout, the activation function receives it and generates three
output features, which serve as the basis for the CNN model's initial classification of the COVID-
19 virus into up to three classes. The process becomes more sophisticated and yields a higher
number of features and parameters with additional convolution layers, resulting in a unigue
categorization.

2.2.2 Front End Design and Android Studio

The use case diagram (Figure 3) for the COVID-19 detector allows users to access real-
time information, daily graphs, news, and COVID-19 referral hospitals. The REST API retrieves
this data. Users have the option to input chest radiograph images into the system and categorize
them, allowing users to view the outcomes of the categorization. Additionally, users can upload
chest radiograph images to the database.

The CNN modeling program's main material, "*.tflite," dominates Google Colab's back-
end design stage. We design Android app interfaces in Kotlin. To take pictures, the app may use
the camera and photo gallery. To import TensorFlow Lite, you must import photos from the
gallery and store "*.tflite" and "*.txt" files in the assets folder. In the front-end design, a "*.xml"
layout displays each class's COVID-19 classification application interface. We will develop the
interface using Android. The "AndroidManifest.xml" file controls camera and gallery access.
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1) Confusion Matrix

A confusion matrix [35] is a metric used to assess the performance of machine learning
models and visualize the properties of the model in the context of supervised learning [36], such
as a convolutional neural network (CNN) on the back end. The parameters considered are directly

related to precision.

»(  Inputs CXR to recognition )
\ )

2

Figure 3 Use Case Diagram of COVID-19 Application
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The matrix elements [37][38] are defined based on the predicted label (positive, negative)
and the outcome of comparing the predicted label with the actual class label (true, false): true
positives (TP), true negatives (TN), false positives (FP), and false negatives (FN), true positive
rate (TPR) or recall, false positive rate (FPR), intragroup mismatch for positive class (IMP),

intragroup mismatch for negative class (IMN), and Matthew coefficient correlation (MCC).
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Figure 4 Multi Classification of Confusion Matrix

The multi-class confusion matrix has dimensions N x N, where N is labeled class CO, C1,
and C2. CO is COVID-19, C1 is normal, and C2 is pneumonia (Figure 4a). To obtain actual
parameters or predicted labels, the matrix elements are summarized so that they experience
reduced multi-classes (Figure 4b). CNN model metrics are shown in equations 10-17.

Actual Positive, Pyctyqr = TP + FN + IMP (10)
Actual Negative, Nyctyar = TN + FP + IMN (11)
Predicted Positive, Ppreqictea = TP + FP + IMP (12)
Predicted Negative, Npyeqictea = TN + FN + IMN (13)
Accuracy = TEATN (14)
TP+TN+FP+FN+IMP+IMN
. _ TP
True Positive rate (Recall) = GPIENTINE) (15)
. e N TN
True Negative rate (Specificity) = GNTEPIINE) (16)
McC = IMP. IMN+(TP+IMP)TN—FN . FP (17)

(TP+FN+IMP)(TP+FP+IMP)+(FN+TN+IMN)(FP+TN+IMN)
2) Espresso

Espresso is a testing framework for Android to make it easy to write robust user interface
tests[39][40]. The testing method used in this research is the Instrumental Test using the Espresso
Library. The espresso library tests access to instrumentation information, such as applications.
Espresso automatically synchronizes Test actions with the user interface application. Tasking in
reading sequential programs and time tasking programs so that they can fix problems when
checking logic and procedures; for example, testing will be carried out if the main thread is off so
that time is used more efficiently.
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Test steps in Espresso are the creation of a test scenario for both the back and the front
end; writing code for testing or validation is carried out in the form of suitability between the
expected test cases and the actual conditions, ensuring that the procedures and logic are valid;
performing of testing automatically.

3. RESULT AND DISCUSSION

In this section, the researcher will explain the research results obtained. Researchers can
also use images, tables, and curves to explain the study results. These results should present the
raw data or the results after applying the techniques outlined in the methods section. The results
are simply results; they do not conclude. The design results are discussed and compared with
those from the previous work.

3.1. Results of Back End

The test results on the back end of the application include testing on Google Collaboratory
(Figure 5), showing that all processes are according to the design stages on Google Collaboratory,
executed validly, and no error messages appear. This process starts from the first stage to the
eighth stage.

it ek

T A N T N P T T
] ] n Kl i ) 1 p [ ! 1 i ¥ £l B it 4

Figure 5 Feature Maps Process on 1% Convolution Layer until Feature Maps Process on 6" Convolution Layer

3.1.1. Testing Results

Making predictions of image recognition of testing data when entering normal, viral
pneumonia, and COVID-19 classes using the Confusion Matrix test. Fig shows a comparison
between testing data and actual data (actual test data). If the data from the data testing results are
the same as the values in the dataset, then they fall into the same class category based on the
classification carried out by CNN. The predicted output value is the value that will be
automatically classified and shown on the image output display (Figure 6).

Sample-1, entered in Google Colab, has an index of n = 6, the 6th image in the test data
(Figure 6). The image is a COVID-19 chest ray, and the probabilities from the test results obtained
are COVID-19 at 9.97%, Normal at 7.36%, and Viral Pneumonia at 2.89%. The resulting
prediction is correct because the probability of COVID-19 is higher than other chest ray images.
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Figure 6 Testing Results of 1% Sample Using Sequential CNN Architecture on Back End

3.1.2.

Evaluation Results

They are validating the testing data against the training data. The result is the performance
of the model on the back end. The evaluation results use a training comparison chart with
validation that the test result curve and its validation (Figure 7) increase closer to the value of 1.0
as epochs (worksheets) increase. In the last epoch, the accuracy value of the test reached 1.0000,
and the accuracy value of the validation test reached 0.9811. The blue and orange test validation
accuracy curves are the accuracy values for each epoch. If the value gets closer to 1 during the
increasing epoch, the test and validation process is declared successful in the classification. If the
test's accuracy value and validation do not increase or decrease, then the CNN network, which is
trained due to it, can not be appropriately classified.
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Figure 7 Accuracy Curve of Testing and Validation Results
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The curve shows that the test accuracy curve has almost the same increase as the test
accuracy validation curve. It shows the training results with good fit conditions, meaning that the
training and validation results achieve the expected value at the best performance.

The confusion matrix is used as a metric, an evaluation tool to determine the results of
validation checks between the results of model recognition and actual data in real time. In this
confusion matrix, correct and predictive labels are displayed with each chest ray image label,
namely, COVID-19, Normal, and Viral Pneumonia. The prediction label is the label of the test
results on the CNN architecture, while the correct label is from the test dataset, which has been
tagged with a label for each chest ray image.

Accuracy = % x100% = 95,5%

Mormalized confusion Mmatrix
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Figure 8 Evaluation Results of Confusion Matrix

Based on the confusion matrix (Figure 8), the prediction results' percentage accuracy and
error rate can also be calculated using eq (2). The results provide an accuracy of 95.5%. The
results of this accuracy are the results of testing in real-time to the user. This result also
outperformed Fadli's [31] accuracy of 89.6%. Based on press 1, the resulting accuracy value is as
follows. Based on these results, some of the significance of this study compared to the previous
one is that the resulting accuracy results outperform the results given by [13][41][9][42][16][17]
which produces an accuracy of around 93.2 - 98%. However, the results are still below [43].

3.2. Results of Front End

The results of the front-end design in the form of an interface that connects users in
general and users who want to detect Chest X-ray results (radiologists) are shown in Figure 9.
The page consists of four parts: the front page display, the display of COVID-19 information, the
display of the COVID-19 detector, and the display of the referral hospital.

Information on the page becomes a menu in the user's application. This menu accesses
camera activation to capture user X-Ray images in real-time. To prove that this application is free
from logic and procedural errors and to test the functionality of the buttons and page menus, tests
are carried out.



https://portal.issn.org/resource/ISSN/2541-2221
https://portal.issn.org/resource/ISSN/2477-8079

COGITO Smart Journal — Vol. 10, No. 1, June 2024. P-ISSN: 2541-2221, E-ISSN: 2477-8079 H216

——— Covid 19 " '
» - - \ .

4 - -

(2]

——_
—

o~
s o ¢ A @ ¢ 5 . ¢ P a

Figure 9 Application Interface for Users on the Front End

There are four front-end form interfaces: the home fragment, the information fragment,
the classification fragment, and the referral fragment. The information fragment provides detailed
information about how to prevent COVID-19, how to treat it, and how to anticipate it. The
classification fragment is a very important form about the implementation of the classification
algorithm for COVID-19. The form displays a captured image, both in real-time and in non-real-
time, as an object for detection. If the image is detected, it displays the classification and accuracy
results, which are the diagnostic results of the used model. Finally, a referral fragment presents
hospital reference information for COVID-19 patients connected to the hospital contact number
in question. All buttons on the four forms performed their functions.

The author's findings contribute to the advancement of deep learning in both back-end
and front-end applications. These results, naturally, hold their respective standings among other
researchers. In prior research [44], the author utilized the CNN-based MobileNet model and
achieved an accuracy score of 97%, surpassing that of the CNN model. The previous findings
were generated solely through back-end processes, without utilizing mobile devices as a user
interface.

Ayumi and Nurhaida, both aged [45], employed the Convolutional Neural Network
(CNN) model to achieve a training accuracy of 94% and a validation accuracy of 96%. The results
showed overfitting because the validation accuracy exceeded the training accuracy. Similarly, in
the study conducted by Pratama et al. [46], it was observed that the training accuracy was lower
than the testing accuracy, indicating the occurrence of overfitting. Unlike prior studies that solely
employed CNN, Naufal et al. [47] conducted a comparative analysis of machine learning
techniques including KNN, SVM, and CNN. The CNN model achieved superior performance
with an accuracy rate of 95.9% compared to other models. In contrast to the author, this result is
robust in terms of comparing back-end models, as it presents multiple findings from three models,
whereas the author only employs a single CNN model.

Using either max pooling or average pooling layers with convolutional layers is a good
way to get features and characteristics out of CXR images of COVID-19 patients. It has been
shown that the contrast-limited adaptive histogram equalization (CLAHE) feature extraction
method can achieve maximum accuracy of 85%, even when multiple uniform, Rayleigh, and
exponential techniques are used [48]. This approach is highly effective in clearly defining the
boundaries of lung objects and overcoming the limits of CXR images. Nevertheless, effective
feature extraction must be complemented by a classifier that exhibits exceptional performance.
Ghozali & Sumarti [49] presented findings on the Sobel edge detection model's capability to
differentiate the progression of COVID-19 dissemination in the lungs.
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4. CONCLUSION

CNN is a fundamental framework for image processing in deep learning models. Optimal
performance can be achieved by configuring it with other models during its development. To
achieve a more precise model implementation, it is important to build a model that exhibits
superior performance and stability at the convergence point, devoid of significant oscillations and
overfitting. In this example, the author's contributions include the successful implementation of
CNN, which exhibits excellent performance. Additionally, users can conveniently obtain
this information through mobile-based applications.

5. FUTURE WORKS

This research can be applied to users with even larger datasets, patients and doctors or
radiologists at the hospital, and continue to test user satisfaction, especially radiologists. This
research can be applied to users with even larger datasets, patients and doctors or radiologists at
the hospital, and continue to test user satisfaction, especially radiologists.

This research has the potential to be implemented in scenarios involving users with
significantly larger datasets, such as patients, doctors, and radiologists in a hospital setting.
Furthermore, it can be used to further evaluate user satisfaction, particularly among radiologists.
This research has the potential to be implemented for users with significantly larger datasets,
including patients, doctors, and radiologists at the hospital. Furthermore, it may be used to further
evaluate user satisfaction, particularly among radiologists.
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