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ABSTRACT: Early detection of respiratory diseases such as Coronavirus Disease-19 (COVID-19) and pneumonia are crucial for

accelerating treatment and preventing more serious complications. This study proposes a method for classifying chest X-ray (CXR)
images using a Convolutional Neural Network (CNN) to distinguish between COVID-19, pneumonia, and lung normal. Training
model involves exploring various Ahyperparameter combinations to find the optimal configuration. The best results were achieved
with a learning rate of 0.001, 50 epochs, and a batch size of 32, with an accuracy of 96.33%. Evaluation was performed using
accuracy, precision, recall, and FI- score metrics, as well as a confusion matrix. This study used Gradient- Weighted Class
Activation Mapping (Grad-CAM) as a transparent interpretation tool for model decisions. The main contribution of this study is the
application of Grad-CAM in multi-class CXR classification to improve model interpretability in lung disease diagnosis
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I. INTRODUCTION

Lung health is one of the vital aspects in maintaining optimal
respiratory system function, given that the lungs play a direct
role in the exchange of oxygen and carbon dioxide, which are
essential for life. Problems with the lungs, such as infections,
inflammation, or chronic disorders, can reduce quality of life
and even lead to death if not treated properly [1]. Until now,
the process of identifying lung disease has generally been
done manually through clinical, radiological, and laboratory
examinations, which, although effective, have limitations in
terms of speed, accuracy, and dependence on medical
expertise [2]. in this context, technology, particularly in the
fields of artificial intelligence and medical image analysis, is
beginning to play an important role in supporting the early
detection and diagnosis of lung diseases in a more efficient,
accurate, and standardized manner.

Lung disease can be seen from changes in the structure and
radiological patterns of the lung, one of which is through a
CXR examination, which is a basic but crucial imaging
method in evaluating lung conditions [3]. This is important
in the early detection of lung disease, because changes
identified at an early stage can help prevent disease
progression and serious complications. There are types of
lung diseases that can be identified through characteristic
findings on CXR, such as pneumonia, which shows
consolidation in the form of thick white patches that generally
contain fluid, pus, and indicate a severe infection [4]. Covid-
19, on the other hand, shows Ground- Glass Opacity (GGO),
which are white spots that are not too thick, indicating
inflammation, infection, and mild injury in the peripheral and

lower zones of the lungs [5]. By detecting lung disease early
through CXR analysis, doctors can immediately take the
appropriate treatment measures, optimize treatment, and
increase the chances of recovery and patient safety.

This study found that the similarity in visual features
between Covid-19 and pneumonia images poses a challenge
in the classification process, as both show overlapping
radiological characteristics. in essence, pneumonia is an
infection caused by viruses, bacteria, or fungi. Similar to
Covid-19, pneumonia is life-threatening for children under 2
years of age and people over 65 years of age. Pneumonia is a
contagious disease like Covid-19 with some similar
symptoms. However, Covid-19 has been proven to be more
fatal than pneumonia, as it can cause Acute Respiratory
Distress Syndrome (ARDS) [6].

Since there is no smart diagnostic method available yet, an
approach is needed that can quickly and accurately identify
patients suspected of being infected with Covid-19. Although
the current detection methods are quite reliable, the process
still takes a relatively long time. Currently, there are three
main types of methods used to detect Covid-19, namely
Reverse Transcription Polymerase Chain Reaction (RT-
PCR), Computed Tomography (CT) Scan, and CXR. Among
the three, RT-PCR is one of the most time-consuming
techniques, while CXR can detect inflammation in the lungs
along with its position, shape, and size, and CT-Scan is a
more effective way to diagnose Covid-19 and Pneumonia
because it can provide a detailed picture of the air sacs, but
this technique has a disadvantage in that it is quite expensive.
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Therefore, in this study, we chose CXR as the primary
medium for classification because it is more practical, faster,
and economical. in addition, CXR is able to provide sufficient
visual information to detect indications of infection or
abnormalities in the lungs, including those caused by Covid-

19 and pneumonia. with the support of deep learning
technology, CXR images can be optimally utilized to assist in
the automatic and accurate diagnosis process. This approach
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is expected to be a supporting solution in an efficient and
easy-to-implement early detection system for lung diseases.

METHODOLOGY

to achieve the research objectives, a systematic
methodological approach was used, which included data
ollection, data preprocessing, modeling using model
architecture, model evaluation, and XAl implementation with

Grad-CAM [7].
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Figure 1. Research Stages

2.1 Data Collection

A dataset is needed to build an effective computational model
so that it can accurately perform medical detection. The
dataset used is CXR data with an original resolution of
256x256 pixels and 232x232 pixels, which is publicly
available [8]. The dataset is divided into three classes: Covid-
19, Normal (without lung abnormalities), and Pneumonia,
with a total of 3,000 training data points, 1,000 for each class.
Furthermore, we used 30 additional CXR data points that had
not been trained as test data, with 10 data points per category
of the same class.

2.2 Data Pre-processing

The CXR data used underwent preprocessing to standardize
image size, normalize pixels, and augment data. The steps
taken in preprocessing included:

a. Resize

This process is carried out by changing the size of the original
image to 224x224 pixels to meet the VGG16 model input
requirements. This size was chosen because it is the standard
input for the architecture used, which allows spatial features
to be maintained without overloading the computing process.

b. Split Data

The dataset is divided into two main parts using the
train_test split function, with a ratio of 80% for training and
20% for validation. to ensure that the class distribution
remains balanced, the division is done by stratification based
on the original labels. Thus, the model can be trained
optimally and tested on completely new data to measure
generalization

c. Data Augmentation

Data augmentation is a technique to increase the diversity and
amount of data used to train machine learning (ML) models
in order to reduce overfitting and improve model
generalization. The augmentation technique used is random
rotation up to 15° to add to the model's understanding of the
data and filling empty areas using the nearest pixel value
(fill._mode="nearest"). This process is applied in real-time
during training using the ImageDataGenerator module.
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2.3 Model Development

a. Convolutional Neural Net (CNN)

Convolutional Neural Networks (CNN) are an effective deep
learning architecture for visual data analysis through
hierarchical feature extraction and learning. CNNs consist of
convolution layers, pooling, fully connected, and non-linear
activation that mimic the human visual mechanism. in the
convolution layer, filters are used to scan important features
from images and generate feature maps as spatial
representations of relevant information [9]. These filters play
a role in recognizing local patterns such as edges, textures,
and other important features that help in understanding
complex visual structures [10].

Mathematically, the convolution process is
performed by shifting the filter over the input image, then
calculating the element-wise multiplication results and
summing them [11]. The result of this process is a feature map
that emphasizes the important characteristics of the input
data, allowing the model to focus on relevant information and
filter out insignificant data. with this multi-level and
structured approach, CNNs are a very appropriate tool for
handling challenges in medical image analysis, providing
accurate and reliable results [12] Related research has
discovered the potential of CNNs in developing accurate and
efficient disease detection models in various applications,
including medical applications using CT-scan images to
predict lung cancer with the application of CNNs and
achieving a fairly good average accuracy of 72.41% [13].

b. Visual Geometry Group 16 (VGG16)

Visual Geometry Group 16 (VGG16) is one of the popular
CNN architectures consisting of 16 layers, specifically
designed for image classification purposes. This model is
widely used in medical imaging due to its ability to extract
features in stages, resulting in reliable performance. Previous
findings classified CT-scan images with VGG16 to detect the
severity of lung cancer in three categories: benign, normal,
and malignant. The results showed that the model could
effectively recognize and distinguish lung conditions [14].
Another study tested various CNN architectures for lung
cancer detection using CT scans and PET scans. The results
showed that VGG16 excelled because it was able to
accurately analyze lung cancer tissue and improve diagnostic
accuracy compared to other architectures [15].

VGGI16 uses small filter convolutional layers (3%3)
to extract hierarchical features, ranging from simple patterns
to complex structures, enabling accurate and efficient
representation of medical images [16]. These filters gradually
capture various features, from simple patterns such as edges
to more complex structures. This enables effective
representation of medical images. Each convolution
operation is followed by a ReLU activation function that
introduces non-linearity, enhancing the model's ability to
learn and model complex relationships in the data [17].

The features obtained from the convolution layer are
then processed by a fully-connected layer that integrates the
information for classification purposes. for example, in
medical image classification, VGG16 can categorize images
into classes such as normal, benign, or malignant [14].

Figure 2. VGG16 architecture in CNN

Finally, the softmax layer converts the final results into a
probability  distribution, providing clear prediction
probabilities for each category, thereby enabling predictions

with good accuracy. This neat and systematic structure makes
VGG16 useful for medical image analysis, particularly in
detecting and classifying lung disorders. The combination of
gradual feature extraction and strong classification
capabilities ensures accurate and reliable results, which are
crucial in critical medical applications [18].

c. Model Training Configuration
This study uses transfer learning by initializing the VGG16
model with weights that have been previously trained from
the ImageNet dataset, utilizing robust feature extraction
capabilities developed on a large and diverse collection of
images. The model is then fine-tuned on the CXR dataset to
specifically adapt to the process of classifying lung
abnormalities. in addition, optimization using Adaptive
Moment Estimation (ADAM) is used, which is a popular
optimizer algorithm for CNNs, known for its adaptive
momentum [19]. Recent research has explored the application
of ADAM with the VGG16 architecture in various domains.
in brain tumor classification, VGG16 with ADAM achieved
97.15% accuracy on the test dataset, outperforming other
optimizers [20].

in selecting the hyperparameter combination, we
used the Manual Random Search technique to obtain the
configuration. A recent study compared random search and
another technique called Grid Search. The grid search
technique offers comprehensive exploration but requires
significant computational resources. on the other hand,
random search provides faster results through random
selection, although it does not systematically cover all
hyperparameter combinations [21].
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Table 1. Model training hyperparameters

Hyperparameters Value

Data ratio 80:20
Optimizer Adam
Activation function ReLU
Learning rate 0.00001-0.1
Epoch 25,50, 100
Batch size 8, 32,64

2.4 Model Evaluation

Model performance evaluation was conducted using a
classification report that included key metrics such as
precision, recall, fl-score, and accuracy for each class. in
addition, a confusion matrix was included to provide a more
detailed representation of the model's ability to classify CXR
images into three categories, namely Covid-19, Normal, and
Pneumonia. The calculation of these evaluation metrics is
based on the standard formulas described below:

A B TP+ TN )
CCuracy = TP Y TN + FP + FN
.. TP 2)
Precision = m
TP (3)
Recall = TP+—FN
Precision x Recall 4)

F1 - =2
score X Precision + Recall

Explanation:

TP = Number of positive data classified correctly.
TN = Number of negative data classified correctly.
FP = Number of positive data classified incorrectly.
FN = Number of negative data classified incorrectly.

2.5 Implementation of XAI with Grad-CAM

Explainable Artificial Intelligence (XAI) is
considered necessary to interpret how models make decisions
transparently. XAl was developed to classify deep learning-
based image interpretation methods, emphasizing the
important role of explanations in model decision-making
[22]. in the classification of CXR images for Covid-19,
Pneumonia, and Tuberculosis, deep learning with the XAI
method can achieve a test accuracy of 94.31% [23]. Grad-
CAM has emerged as a powerful XAI visualization tool for
interpreting CNN models [24].

Grad-CAM works by highlighting feature areas that
influence the model's decision to generate a heatmap. The
resulting heatmap is then superimposed on the CXR image.
This approach provides a more transparent and interpretable
representation of the model's decision-making process. The
colors of the Grad-CAM heatmap indicate the importance or
relevance of various input image elements to the model's
decision. Warmer colors (e.g., red) indicate greater
importance, while cooler colors (e.g., blue) indicate lesser
importance. Heatmap visualization allows the identification
of areas in the image that contribute most to the model's

output, thereby helping to understand its decision-making
process [25].

in medical diagnosis, the heatmap generated by
Grad-CAM has been shown to assist radiologists in
interpreting Al-based classification results [26]. Other studies
have mentioned that this method outperforms other methods
such as CAM and Grad-CAM++ in localizing important areas
for CNN predictions [27]. This study uses Grad-CAM to
improve the interpretability of model predictions, making the
diagnostic process more transparent and reliable.
Generally, the steps of Grad-CAM include:

- Performing a forward pass to obtain the model
prediction.

- Calculating the gradient of the target class score
against the output of the last convolution layer.

- Calculating the global gradient average for each
feature map.

- Performing a linear combination between the feature
map and the gradient weights to produce a class
activation map.

- Applying ReLU to the activation map to retain only
features that support the target class.

Here is the Grad-CAM calculation formula:

. B C o Q)
Lgraa-cam = ReLU a kA

k

L% ad—cam = Localization map for class ¢

- a% = Weight of feature map k
- AR = Activation map of layer k

II. RESULTS AND DISCUSSION

This chapter presents the results of the experiments conducted
and a discussion of the findings obtained. The main focus is
on evaluating model performance based on varying
hyperparameter settings. in addition, an analysis was
conducted on the effect of each configuration on model
accuracy to identify the combination that provides the most
optimal results.

3.1 Model Training Results

This section presents a number of model training
experiments. The setting scenarios use a combination of
various hyperparameters, including learning rate, epoch, and
batch size, which produce different accuracy values. The
scenarios are arranged using manual random search, with
some experiments based on existing research. The aim is to
identify the best combination of parameters that can produce
the most optimal model performance on the dataset used. The
results of these experimental scenarios are presented in Table
2. This table shows the model performance for each
hyperparameter combination tested, including the accuracy
values obtained. Through this presentation, the patterns and
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effects of each parameter on the overall model performance
can be analyzed.

Table 2. Model Training Experiment

No. Ratio Learning Epoch  Batch Size Accuracy

Rate

1 80:20 0.01 25 8 94.83%
2 80:20 0.001 25 8 95.67%
3 80:20 0.0001 25 8 91.00%
4 80:20 0.01 50 8 95.50%
5 80:20 0.001 50 8 95.33%
6 80:20 0.01 50 32 96.00%
7 80:20 0.001 50 32 96.33%
8 80:20 0.0001 50 32 92.33%
9 80:20 0.00001 50 32 84.00%
10 80:20 0.0001 50 64 92.50%
11 80:20 0.001 100 8 94.67%
12 80:20 0.0001 100 32 94.17

Table 2 presents the results of model training experiments
with various scenarios. All experiments used an 80:20
training and validation data ratio, ReLU activation function,
and Adam optimizer. Based on the table, the combination of
hyperparameters with a learning rate of 0.001, 50 epochs, and
a batch size of 32 produced the highest accuracy of 96.33%.
Conversely, the use of a learning rate of 0.00001 and the same
combination of epoch and batch size resulted in a decrease in
accuracy to only 84.00%. This indicates that a learning rate
that is too low causes the training process to be ineffective.

3.2 Model Performance Evaluation

to monitor the effectiveness of the model training process, the
development of accuracy and loss values in the training and
validation data at each epoch was visualized. This
visualization aims to identify potential underfitting or
overfitting during training. The following graph shows
changes in accuracy and loss values throughout 50 training
epochs.

Vaning and Valdation Accutacy

- et

Traitieg and Vaidation Lo

Figure 3. Accuracy and Loss Graph

It can be seen that the accuracy value in the training data
increased consistently as the number of epochs increased. The
accuracy in the validation data also showed a positive and

relatively stable trend, indicating that the model did not
experience overfitting and was able to generalize well to
previously unseen data. Meanwhile, the loss graph shows a
consistent decline in the curve, especially in the early stages
of training, indicating that the model has successfully
minimized prediction errors. from Figure 4 above, it can be
concluded that the training process went well and the model
can be further evaluated through classification evaluation and
visual interpretation.

3.3 Classification Evaluation

The model with the best performance was then used as the
basis for further evaluation, including metric analysis
evaluation on accuracy, precision, recall, and F1-score.

Table 3. Mdel Classification Results

Precision Recall F1-Score
Covid-19 0.99 0.98 0.99
Normal 0.95 0.99 0.97
Pneumonia 0.98 0.95 0.96
Accuracy 0.97

The evaluation results shown in Table 3 indicate that
the model has good classification performance in all classes.
in addition, a confusion matrix evaluation was also performed
to further understand the model's prediction patterns. The
confusion matrix can identify the number of correct and
incorrect predictions in each class.

Table 4. Confussion Matrix

COVID-19 Normal Pneumonia
COVID-19 197 2 1
Normal 0 196 4
Pneumonia 2 5 193

Based on Table 4, it can be seen that the model successfully
classified most of the data correctly. of the 200 Covid-19
class samples, 197 were classified correctly, while the rest
were incorrectly classified as Normal and Pneumonia. A
similar situation occurred in the Normal and Pneumonia
classes, where the prediction error rate was also relatively
low. This shows that the model has good generalization
capabilities for test data and is able to effectively distinguish
between classes.

3.4 Grad-CAM Visualization
This study also performed a visual interpretation of the
previously tested model using the Grad- CAM method. The
images produced provide a deeper understanding of the
model's focus of attention on important areas of the CXR
image. This helps evaluate whether the model makes
decisions based on medically relevant features or not.

The following are the results of visual interpretation using
Grad-CAM for each category:
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Figure 4. Grad-Cam visualization in (a) Covid-19, (b)
Normal, (¢) Pnemonia

Based on the above results, Grad-CAM can interpret the
decisions made by the developed model by providing a visual
representation of the important areas in the image that the
model focuses on during classification. This visual
interpretation helps in understanding the reasons behind the
model's predictions and increases confidence in the model's
performance in identifying the correct category.

II.CONCLUSION

This study proposes a deep learning-based Chest X-ray image
classification model that shows initial capability in
distinguishing between Covid-19, Normal, and Pneumonia
categories based on available data. The model training
process was carried out by exploring hyperparameter
combinations, and the best configuration was obtained at a
learning rate of 0.001, 50 epochs, and a batch size of 32. The
model produced a high accuracy of 97%, with balanced
precision, recall, and fl-score values for each class.
Performance evaluation through a confusion matrix showed
the proportion of correct and incorrect predictions for each
class, while Grad-CAM visualization provided a visual
interpretation of the areas that the model focused on in its
decision-making. This reinforced confidence in the
capabilities and transparency of the system that was built.
Overall, this approach shows that CNN- based classification

of CXR images can be a fast and effective diagnostic tool and
has the potential to be applied in medical decision support
systems. This study did not involve direct validation by
medical experts. Therefore, it is recommended that future
studies confirm the model's prediction results with experts
such as pulmonologists or radiologists to ensure the accuracy
and clinical relevance of the developed system.
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