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ABSTRACT

In the last century, the use of machine learning, especially the Convolution Neural Network (CNN) has
greatly helped the world of health (medicine). Through action research on image datasets, CNN succeeded
and was able to show classification or grouping based on the same characteristics and properties on
unlabeled images with higher accuracy and faster than other machine learning methods. This is very useful
for the world of health, especially in the use of chest x-rays (chest x-rays) in the medical world. This study
aims to optimize the CNN InceptionResNet-V2 architecture, for classifying Covid-19 disease, by training
4000 chest x-ray image datasets. The accuracy test results from InceptionResNet-V2 yielded 98%, with the
precision of each CNN InceptionRestNet-V2 architecture class being Covid (99%), Lung_Opacity (97%),
Normal (98%), Viral_Pneumonia (98%). The CNN InceptionRestNet architecture can help quickly and
accurately produce chest x-rays.

Keywords: InceptionResNet, Convolution Neral Network, Chest X-Ray.

1. INTRODUCTION

The COVID-19 pandemic in Indonesia is part of the ongoing 2019 coronavirus disease pandemic
worldwide. This disease is caused by a severe acute respiratory syndrome coronavirus 2. The first positive
case of COVID-19 in Indonesia was detected on March 2, 2020 [1].

On June 23, 2021 the Government of Indonesia reported the number of confirmed cases of Covid-19
reaching 2,033,421 people [2]. This has an impact on the Hong Kong government's policy of banning all
flights from Indonesia. The ban followed Indonesia's status which changed to become an Al (extremely
high risk) country [3].

Accurate diagnosis of COVID-19 can be done from an image chest x-ray, but requires medical personnel
with special skills to be able to read the image data. Due to the limited number of these medical personnel,
it makes it a long time (1-2 weeks) to get the diagnosis results.

Artificial intelligence technology or Artificial Intelligence (Al), specifically the Convolution Neural
Network (CNN) method, is capable of predicting chest x-ray images of COVID-19 disease. This study aims
to obtain the best results on the CNN InceptionRestNet architecture for detecting COVID-19 from chest x-
ray images.

Pneumonia is one of the diseases that are often found in this world and to diagnose it requires certain skills.
In this study (chest X-Ray pneumonia grouping), the authors used the Inception-ResNet-v2 deep learning
architecture.
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Fig. 1. Chest-x-ray samples showing a healthy patient (a), pneumonia from a bacteria infection (b),
pneumonia from a virus infection (c), and pneumonia from a COVID-19 case (d).

For grouping or classify pneumonia and help doctors with their diagnosis, an effective solution is to analyze
the chest X-ray image. This can be seen in figure 1, the spread of infection is clearly visible through x-ray
technology, especially for severe conditions such as those associated with the SARS-CoV-2 virus. To fully
exploit the information found in such images, deep learning approaches are being explored as they are
already able to gain significant performance in several heterogeneous medical fields [18-20]. In detail,
many solutions focus on binary classification between healthy people and COVID-19 patients [21-23].

In order to classify the ability to classify pneumonia from chest X-ray images, with special attention to
SARS-CoV-2 infection, experiments were carried out on a specially designed data set to contain data from
various public collections that tackle the task of pneumonia classification. Note that the pooled collections
have heterogeneous chest X-ray dimensions because the data are from different study groups. This can be
seen in Figure 3. For the first three classes, they were taken from the well-known Kaggle pneumonia, and
divided into training sets, development, and test sets as appropriate [24].

Kaggle Chest-X-Ray

Normal Pneumonia COVID-19

Normal COVID-19

Figure 2. Dataset subdivision scheme.

This study aims to detect Viral Pneumonia from chest x-ray images with the InceptionResNet-V2
Architecture. Where the research results can be seen in table. 3 Precision Testing Results. Meanwhile, the
input dataset is obtained from https://www.kaggle.com. We know that pneumonia is an acute respiratory
infection disease caused by pathogenic bacteria or fungi and viruses. This infection affects one or both of
our lungs and can cause mild to life-threatening effects of all ages. This infectious disease causes the
world's largest number of deaths in children; where 15% of child deaths in 2017, data from the World
Health Organization (WHO) statistics and among the possible sources are bacteria and viruses (infectious
causes of pneumonia)[17].

2. RESEARCH METHODS

The current technological era almost all involves artificial intelligence (Al) and deep learning (DL) are the
techniques most widely used in computational approaches in the field of Machine Learning (ML). Many
applications are formed by involving ML [4], [5]. The most widely used type of DL in human life is the
Convolutional Neural Network (CNN) [6]-[8],[9]-

The deep layer compared to other ML makes this method fall into the DL category. The ability to be able to
distinguish image objects, then this technique is better known as CNN (Figure 3). Several processes and
terms in CNN will be explained briefly in this sub-section.
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Figure 3. Classification of CNN in Al

2.1. Convolutional Neural Networks

CNN's initial thought was neural networks (neurons) in humans and animals [10]. CNN consists of a stack
of convolutional layers with different parameters (filters, padding, stride and others). Each input is arranged
in the form of a three-dimensional matrix, namely height (height), width (width) and depth (depth),
generally the height value is the same as the width value. For the RGB matrix input, the channel value is 3,
the channel represents the depth value in the matrix. The end of the CNN layer series produces a kernel
model, then proceeds with the fully connected process. Fully Connected aims to classify images from a
particular label. (Figure 4).
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cnn_model = models.Sequential()
cnn_model.add(layers.Conv2D(32,(3,3), activation="relu’, input_shape=(39,39,3)))
cnn_model.add(layers.Conv2D(64,(5,5), activation="relu’))
cnn_model.add(layers.Conv2D(64,(5,5), activation="relu”))
cnn_model.add(layers.Flatten()).

Figure 4. The convolution process (top) which is part of the overall CNN layer (bottom) [11].

CNN Inceptionresnet-V2 Machine Learning Architecture For Pneumonia Chest X-Ray Clustering
(Mohamad Firdaus)



22
Mohamad Firdaus dkk / Jurnal limiah Multidisiplin llmu (JIMI) Vol 1 No. 2 (2024) 19 - 29

2.1.1. Convolution process

The convolution process is the calculation of the dot product between the input matrix and the filter matrix.
The filter matrix is a rectangular matrix (height=width) which is a collection of weight values, sometimes
also referred to as a kernel matrix. The height and width sizes are always smaller than the input, but the
depth (channel) value is the same as the input depth. The convolution process generally uses more than one
type of kernel matrix (filter 1, filter 2, and so on). The size of the output matrix for rows and columns can
be used with the conditions O = | — F+1. (Figure 5).
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Figure 5. Details of the convolution process.

2.1.2. Stride process

The stride process is actually part of the convolution process itself. The filter matrix will scan the input
matrix by convolution of the two matrices according to the size of the filter matrix. After the first process is
complete, proceed with the second convolution process by moving the input matrix (second input matrix)
which will be convolved with the filter matrix. The shift of the first and second input matrices corresponds
to the stride value specified as a parameter in each layer. This process is repeated for the next convolution,
resulting in a matrix with a smaller size. (Figure 6).
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Figure 6. Stride and padding

2.1.3. padding process

Padding is the process of adding the same large value on each side of the input image (usually a value of 0
or one). Even though the input matrix is larger than before, in the convolution process it will still be smaller
than the original input matrix. The purpose of padding is to provide a clearer boundary of an image, so that
the process can be more focused. Padding is sometimes also used to adjust the size of the output matrix by
adding values on each side of the image so that it matches the input matrix that will be used in the next
convulsive layer. (Figure 6).

2.1.4. Pooling

Actually the pooling process is identical to data sampling in statistics, the difference is that in pooling there
is no lost information. Pooling aims to reduce the size of the matrix so that the calculations performed by
the machine become faster. There are many types of pooling, but the most commonly used are max pooling
and average pooling. Max pooling is taking the largest value in a certain matrix size, while average pooling
is taking the average value in a certain matrix size. (Figure 6a).
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2.1.5. Activation Function
The activation function is given after the pooling process, the goal is that the resulting value is within a
certain range of values (usually ranging from 0 to 1) and also functions to make decisions to take
appropriate results and eliminate unwanted (bad) results, map input to output. non-linear, providing more
complex learning abilities. The activation function also has the ability to distinguish very important features

[8].
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Figure 6a. Pooling process.
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Figure 7. Types of activation functions [13]

2.1.6. Fully Connected Layer (FC)
This process is at the end of each CNN layer, called fully connected because all neurons (nodes) are
connected to neurons in the layers before and after. FC functions as a classification, technically this process
is none other than the conventional neural network layer method (feed forward neural network) [10], for
details can be seen in Figure 8.

CNN Inceptionresnet-V2 Machine Learning Architecture For Pneumonia Chest X-Ray Clustering
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Figure 8. Fully connected (FC) network

2.2. CNN Architecture

From the competition conducted by the ImageNet Large Scale Visual Recognition Challenge (ILSVRC),
there are many CNN architectures that have been created as an effort to improve accuracy by testing certain
input datasets that are used as standards (MNIST [7], imagenet, coconut etc.) (Figure 8). However, many
architectures prefer to add layers to great depths rather than devise a structural design with a new method.
This results in the need for high computer performance to be able to run the architecture [12].

In this study, we will try the CNN architecture that can be done by computers, namely the CNN
InceptionRestNet architecture, with a few adjustments to get the expected results. This CNN architecture
will carry out the training and testing process using a chest x-ray image data set to detect the presence of
the type of covid-19 disease. The image data set for this study was obtained or obtained from
https://www.kaggle.com/code/ernestomaisuls/covid-19-x-ray-modified-xception/data.
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Figure 9. Comparison of accuracy of CNN architectures based on ILSVRC [12]

2.2.1. InceptionResNet-V2

As an effort to develop CNN, Szegedy (2014) introduced Inception in his paper entitled "Going Deeper
with Convolution" [14]. Where Convolution is an image extraction action to get a model in the form of a
kernel matrix. In this process, filtering is carried out which shifts with a certain "stride value™ in an input
image. Or a process to see the value of a parameter that determines how much the number of filter shifts is
in an input image. Furthermore, the results of the convolution become the input for the fully connected part
for the classification process [15]. This aims to get a more reliable network and increase the level of
classification accuracy produced by using this InceptionRestNet architecture.
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Figure 11. Overall diagram of Inception Resnet V2 [16]

2.3. Data preparation and research stage
This study uses an input dataset of 4000 images, divided into 4 classes, namely:
0 — Normal 1,000 images (25%)
1 — Viral Pneumonia 1,000 images (25%)
2 — Lung_Opacity 1,000 images (25%)
3 — Covid 1,000 images (25%)
Of the 1000 image data for each class, 80% (800 images) are divided for training data and 20% (200
images) for data validation. (Figure 12).
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Figure 12. Pie and histogram dataset
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Figure 13. Chest X-Ray Image Dataset

The input dataset (train and validation data) is used as training data for the CNN InceptionRestNet
architecture, the results of the training are in the form of a model that can be used to classify images. To
obtain a large measurement of accuracy, testing is carried out using data testing as many as 4000 images
(1000 images per class). (Figure 14)
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Figure 14. Research stage

3. RESULT AND DISCUSSION

The results of the training process with input data obtained values of train accuracy, train loss, val accuracy

and val loss from the InceptionRestNet architecture, as follows: (Table 1)
Table 1. Training Results

InceptionResNet

0.3769

0.9958

0.52

Loss

Acc

Loss

Acc

Train Acc,
Val Acc,
Train Loss,
Val Loss

TRAIN

VALID

History

Train Acc
Valid Acc

Grafik

Train Loss
Valid Loss

From table 1 it can be seen that the percentage for train and valid accurate on the CNN InceptionResNet-V2
architecture is very good (> 90%), but for valid loss it still looks quite large (> 40%) and needs to be
increased so that the value becomes smaller. As for the train loss is <40%.
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The result of the training process is a model that can be used for unlabeled image classification. To find out
more complete measurement results, a test was carried out using the same amount of test data as the input
data, namely 4000 images (1000 images per class). The testing program that is run produces output in the
form of a confusion matrix and a classification report. The results of this testing output are collected in the
following table: (Table 2)

Table 2. Testing Results
InceptionRestNet

Confussion Matric

Classification
Report

In order to be more detailed and clearly visible, the precision classification report values from table 2 are
summarized in a table which can be seen in table 3 and for graphs can be seen in figure 18 below:

Table 3. Precision Testing Results

InceptionResNet
% Covid 0.98
5 Lung Opacity 0.97
8 Normal 0.99
w Viral
X | ppneumonia 0.98
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Figure 15. Precision & Accurate Graph of the CNN InceptionRestNet architecture
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4.  KESIMPULAN DAN SARAN
The results of this research optimization are:

a.

The results of research to predict the type of covid disease from Chest X Ray image data using the
CNN InceptionRestNet architecture are very good with an accuracy value of more than 95%. And
for the results of the CNN InceptionResNet-V2 architecture, the accuracy is 98% and the precision
for each class is more than 95%, namely: Covid (99%), Lung_Opacity (97%), Normal (99%),
Viral_Pneumonia (99%).

During a time when the COVID-19 pandemic is getting worse and there are new variants with a
higher transmission rate, the application of artificial intelligence (Al) technology in the world of
medicine (medical) is urgently needed to help ease the work of doctors.

To detect Viral Pneumonia from chest x-ray images on CT Scan equipment available in almost all
hospitals in every city in Indonesia, it would be better analyzed using the CNN InceptionRestNet-
V2 architecture.

The results of the model from this study can be used (embedding) in the form of a mobile internet
or in the form of a web-based system, so that at any time and anywhere the patient is able to scan
and get predictive results in real time at low cost, accurate and fast.
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