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ABSTRACT

Pneumonia is a common lung disease that is more prone to affect the elderly and those with weaker respiratory
systems. However, hospital medical resources are limited, and sometimes the workload of physicians is too
high, which can affect their judgment. Therefore, a good medical assistance system is of great significance for
improving the quality of medical care. This study proposed an integrated system by combining transfer learning
and gradient-weighted class activation mapping (Grad-CAM). Pneumonia is a common lung disease that is
generally diagnosed using X-rays. However, in areas with limited medical resources, a shortage of medical personnel
may result in delayed diagnosis and treatment during the critical period. Additionally, overworked physicians
may make diagnostic errors. Therefore, having an X-ray pneumonia diagnosis assistance system is a significant
tool for improving the quality of medical care. The result indicates that the best results were obtained by a
ResNet50 pretrained model combined with a fully connected classification layer. A retraining procedure was
designed to improve accuracy by using gradient-weighted class activation mapping (Grad-CAM), which detects
the misclassified images and adds weights to them. In the evaluation tests, the final combined model is named
Grad-CAM Based Pneumonia Network (GCPNet) out performed its counterparts in terms of accuracy, precision,
and F1 score and reached 97.2% accuracy. An integrated system is proposed to increase model performance where
Grad-CAM and transfer learning are combined. Grad-CAM is used to generate the heatmap, which shows the
region that the model is focusing on. The outcomes of this research can aid in diagnosing pneumonia symptoms,
as the model can accurately classify chest X-ray images, and the heatmap can assist doctors in observing the crucial
areas.
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1 Introduction

Artificial intelligence (AI) is gradually becoming widely used in medical diagnosis. A study
developed an AI-integrated app that provides reminders about the user’s dental conditions and reduces
the time spent for clinical examination [1]. Because the traditional scanning method is expensive,
another study proposed a new model for Glaucoma detection. The model had a lower negative rate
and was as accurate relative to manual scanning and is suitable for mass scanning [2]. AI-based
image enhancement techniques are also being implemented; Because these technologies can enhance
the features of images and promote the model’s ability to analyze images. For example, reference [3]
used parameters such as contrast and brightness as input and enhances image features through neural
networks.

Even before COVID-19, pneumonia was a common infection. There are 150.7 million new
cases of COVID-19 in developing countries yearly [4]. Hence, developing a integrated pneumonia
diagnosis system is important. Researchers have proposed a variety of antipandemic measures. In [5],
a three-dimensional lung segmentation approach that improves the efficiency of image processing was
proposed. Deep neural networks and especially deep convolution neural networks (CNN) applied
to medical imaging are becoming increasingly popular. Researchers have also proposed a brain
tumor segmentation method using CNN, which uses small kernels [6]. In addition, this reference
[7] investigated the performance of various optimizers of the CNN model. These include Stochastic
Gradient Descent (SGD), Adaptive Gradient Descent (Adagrad), Adadelta, Root Mean Square
Propagation (RMSprop), and Adam. The study showed that the model that using Adam optimizer
had an accuracy rate of over 99%. SqueezeNet-Guided ELM (SNELM) [8] was used to diagnose
COVID-19 in this study. This method also used data augmentation to expand the dataset and used
SqueezeNet (SN) to generate SN features. The study showed that the model had fast learning speed
and good generalization performance, making it feasible for diagnosing COVID-19.

Researchers have found it difficult to improve prediction accuracy due to the lack of available
medical imaging data, because medical images are more difficult to obtain than other types of images.
Furthermore, medical imaging data must be labeled by many doctors to be useful for machine learning,
which entails a high cost in high time and resources.

Data augmentation techniques can be used to solve the problem of data scarcity. Reference [9]
used CNN architecture and data augmentation for sound classification. They also evaluated different
augmentation techniques against each other. Data augmentation is also used to expand the images
of brain tumors [10]. The article mentions that the study completed data augmentation. Machine
learning becomes more effective when trained on large datasets. However, obtaining large datasets can
be challenging. Therefore, performing data augmentation is very helpful for training. From a practical
perspective, it should be noted that not all normal X-rays and pneumonia X-rays exhibit variations
in brightness due to unique characteristics of each X-ray machine. Therefore, data augmentation is
necessary to address this issue.

The model may overfit when there is insufficient training data available in the target domain.
Fortunately, transfer learning solves this problem [11]. Much research on transfer learning has been
conducted in the past decade, especially in visual categorization such as image classification [12].
Furthermore, transfer learning can be implemented in a variety of ways [13], all of which are based
on instances, features, parameters, or relations. In [14], the researchers provided a comprehensive
summary of more than 40 typical methods of transfer learning. Reference [15] proposed a transfer
learning framework for pneumonia detection, which compares the different combinations of pre-
trained models and classifiers. Another study applied the model compression technique after transfer
learning, resulting in decreased hardware requirements [16].
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The deep neural network is akin to a black box. Therefore, many researchers have focused on visual
explanations. In CNN models, fully connected layers are replaced by global average pooling (GAP),
which increases interpretability and prevents overfitting [17]. A procedure to generate class activation
maps (CAM) is designed based on GAP, wherein the weighted sum of feature maps is calculated [18].
This technique highlights the principal area detected by CNN. However, CAM cannot be used when
GAP is not in the model, such as the Visual Geometry Group (VGG). This task is solved by using
Grad-CAM [19]. Grad-CAM is a generalization of CAM, which can be used for a wide range of
CNNs, especially for fully connected layers.

Grad-CAM is quite a practical method. It can analyze the region that the CNN model focuses on.
If the CNN model does not focus on the lungs, it will be highly possible to cause wrong judgment. It is
hoped that in this research, the center of the image, which corresponds to the lungs, can be focused on
by CNN. If the region CNN focuses on is not at the center of the chest, we will train the image again to
improve the accuracy of CNN’s prediction. Grad-CAM can analyze the areas that the current CNN
model focuses on. If the area that the current CNN focuses on for a certain image is not in the center
of the image, it may indicate that there is a possibility of incorrect judgment for this image. During
the training process, it is not possible to control CNN to forcibly focus on the center of the image.
Therefore, if the area that CNN focuses on is in the wrong position, the image will be retrained. This
process will be repeated until the training error is less than a certain standard.

In addition, Simple Vision Transformer (SimViT) [20] can also integrate spatial structure and
local information into visual transformers. At the same time, SimViT extracts multi-scale hierarchical
features from different layers for dense prediction tasks. Research shows that this method is suitable
for various image processing tasks.

In [21], researchers proposed an automated methodology of lung diagnosis from chest X-
ray images. The model was designed to identify and categorize typical viral pneumonia and
COVID-19. Grad-CAM was used to detect where the model focuses on. In [22], because COVID-19
data were inadequate in 2020, transfer learning based on related chest X-ray data sets was used to detect
COVID-19. At the end of transfer learning, Grad-CAM was also used for visualization. In [23],
U-Net was used for the classification model. The segmentation task is executed if the model classifies
the image as one of COVID-19 or pneumonia. The area is segmented based on the output of Grad-
CAM.

Researchers in [24] have developed a decision-support and segmentation system for COVID-19,
which uses EfficientDet and EfficientNet for image classification and segmentation. Moreover, the
system can reject unrelated images using header analysis and the classifier. Another application is
to use machine learning and optimization algorithms to predict insurance premiums before and
after COVID-19 [25]. The study used Fast Approximate Nearest Neighbors (FLANN) and genetic
algorithms and analyzed asymmetric data using five years of data to predict future costs. The study is
superior to other methods.

A study has been conducted on generating hash values using convolutional stacked denoising
autoencoder (CSDAE) [26]. This research can shorten the hash program while maintaining machine
efficiency. Currently, many image processing-related technologies have been developed [27,28].

This paper uses the pretrained models VGG16, and ResNet50 for transfer learning. The model
can classify normal and pneumonia chest X-ray images. In addition, using Grad-CAM to design a
retraining procedure in this study improves the model’s accuracy. Because if the area of interest of a
certain data is not in the center of the picture, it means that the recognition performance of the picture
may not be good, so the model will increase its weight in the next training process.
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Machine learning models were integrated into a new system for pneumonia diagnosis in this study,
which improved the accuracy of diagnosis. The data’s balance between different classes was effectively
achieved through data augmentation. This approach can avoid incorrect prediction results caused by
data imbalance during the training process, in which the model predicts the class with more data
as much as possible. A smart pneumonia diagnosis system is proposed in this paper. This system
can analyze X-ray images and provide diagnostic suggestions for medical personnel. In addition to
providing medical personnel with a faster way to identify the main causes of patients’ illnesses, this
approach can also improve diagnosis efficiency. Even when hospitals are too busy, medical personnel
may make incorrect judgments due to poor mental conditions. If the method proposed in this paper
can be used, it can effectively reduce the occurrence of diagnostic errors, thereby improving the quality
of medical care.

An integrated pneumonia diagnosis system was proposed in this paper, which integrates multiple
models and algorithms, and significantly improves the accuracy of pneumonia diagnosis. The system
can quickly diagnose whether there is inflammation in the lungs and provide medical personnel
with reference. The system will help alleviate the shortage of medical resources, improve diagnostic
efficiency, and thus enhance medical quality. In the future, it can be practically applied in clinical
medicine.

Although many existing methods were used in this study, integrating these technologies through
existing methods can improve recognition efficiency. By integrating existing methods, the advantages
of each approach can be combined to obtain more accurate judgment results. A more rigorous
method is required for medical conditions to make correct judgments, and the abilities of different
excellent methods can be combined by the method used in this study, achieving better performance
than the original model. After being trained by machine learning, it is usually directly applied to the
corresponding tasks. However, this approach may not be able to check whether known knowledge
has been correctly absorbed by the model. To solve this problem, Grad-CAM is used to confirm
whether the correct area is focused on by the CNN model. If not, the training for that data will be
strengthened to enhance the predictive model’s performance. Data augmentation can improve the
generalization ability of the model, allowing the model to make judgments when facing data from
other datasets. When applying cross-validation, the dataset is initially divided into ten parts. Data
augmentation is used for training data rather than testing data in these ten parts, thus avoiding the data
leakage problem. In summary, this study integrated existing technologies and fine-tuned their models
for training. The GCPNet has excellent performance in judging pneumonia. This is a significant
contribution to clinical research.

The rest of the paper is organized as follows. Section 2 presents the model architecture to classify
X-ray images using CNN and transfer learning. Section 3 presents the performance evaluation results.
Section 4 is the discussion of the proposed method. Finally, Section 5 concludes the paper.

2 Model Architecture

This study was conducted according to the guidelines of the Declaration of Helsinki and approved
by the Human Research Ethics Committee, National Chung Cheng University (Application number:
CCUREC111090601). The bias is required to prevent relying on one particular system of training and
testing data sets. For example, if the testing data is the same as the training data, the model cannot
prove that it can predict well for other data even if the accuracy is 100%. Therefore, a stricter method
is required to evaluate the model.
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Cross-validation splits the original data set into training and testing data and calculates the
average result of different partitions. Here 10-fold cross-validation is used to evaluate the performance.
10-fold cross-validation means the original data set is partitioned into ten sets. To train the model,
9-fold cross-validation is used while 1-fold cross-validation is used for testing. The results of ten
iterations are averaged. Fig. 1 illustrates the 10-fold cross-validation.

Figure 1: Ten-fold cross-validation

2.1 Transfer Learning

Collecting and labeling data is both challenging and time-consuming. The model is designed
to be generalizable and not a one-to-one model. Transfer learning is implemented to help ensure
this. Transfer learning focuses on storing features gained through one problem and applying them
to another different but similar problem. Pretrained models such as VGG16 and ResNet50 can be
used instead of building a neural network model from scratch to solve the problem. These models are
usually pretrained using large-scale data sets. The model is composed of an extractor and classifier
(Fig. 2).

In this paper, transfer learning is implemented with VGG16 and ResNet50, which pretrains the
model with the ImageNet data set, which has over 14,000,000 images and 21,000 categories.

The structure of VGG16 is shown in Fig. 3. It has five blocks containing convolution layers and
max pooling layers. Finally, it uses three fully connected layers to connect with the output layer.

In this paper, a VGG16 model, which has been pretrained with the ImageNet data set, is loaded.
However, the entire model cannot be used because it has 1,000 outputs and only two outputs exist in
this data set. Thus, the top of the model, which consisted of fully connected layers, was removed and
a new output layer was added.

When pretrained models are used to implement transfer learning, some specific layers are frozen
from the training process; thus, the weights are initially maintained at their ImageNet values and do
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not change with backpropagation. Therefore, the frozen layers maintain the features of ImageNet, and
the trainable layers can be improved with a new dataset.

Figure 2: Structure of the model composed of extractor and classifier

Figure 3: Structure of VGG16
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Transfer learning involves two processes: feature extraction and fine-tuning. In the first stage,
feature extraction is used to extract useful features from pretrained models and train new datasets
only on fully connected layers. The model does not have to be retrained entirely because the base
convolution layers already have some useful features. In the second stage, fine-tuning is used to
unfreeze a few layers of a pretrained model for the last base convolution layers and the new classifier
to be trained. This step allows us to tune some features in the base model. Feature extraction and
fine-tuning is shown in Fig. 4.

Feature extraction Fine-tuning

Figure 4: Two-stage training process

ResNet50 is considered to be the next generation iteration of VGG16. Degradation may happen
when more layers are added to increase performance. For transfer learning, most of the network
layers of ResNet-50 were utilized in this study. At the beginning of training, only the weights of the
last few layers can be updated. Fine-tuning is to allow more weights so that they can be updated
during the training process. The two-stage approach can increase training efficiency and achieve better
recognition performance. ResNet50 solves this problem and adds more layers without degradation.
With the skip connection, the network can learn identity mappings more easily. Therefore, the model
does not degrade with residual block. The skip connection is shown in Fig. 5.

Figure 5: Skip connection

2.2 Grad-CAM

Grad-CAM is a method for understanding the basis of classification in convolutional neural
networks (CNNs). Grad-CAM calculates the weight of each feature map in the last convolutional
layer for the image category, then calculates the weighted sum of each feature map, and finally maps
the weighted sum of the feature maps to the original image. Unlike CAM, which requires GAP in
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the model, Grad-CAM can be used for a wide range of CNN models. Therefore, Grad-CAM is more
flexible than CAM and can be used in most neural networks, such as fully connected layers, RNN, and
long short-term memory, without the need to revise the model. Crucially, Grad-CAM can calculate
the weighting through back propagation, as written in (1).

ωc
k =

∑
i

∑
j

∂Y c

∂Ac
ij

(1)

where Y c is the classification score for class c, A is the feature map, ωc
k is the class feature weights, and

k is the number of different feature maps. An ReLU is applied to the linear combination in (2), because
only the positive influence is of interest. αc

k is the neuron importance weights.

Lc
Grad−CAM = ReLU

(∑
k
αc

kA
k
)

(2)

The output of Grad-CAM is a heatmap. In the heatmap, the region with the highest value is the
region most focused on by the model.

The heatmap is divided into 25 blocks (Fig. 6). If the highest value is not located in the center,
the model did not focus on the right position. Consequently, the image is given additional weight.
The focus of the study is indeed on the center of the picture. However, there are many organs in the
chest, and the heart and lungs are also located in the chest. However, due to the different body shapes
of each person and the slight differences in the angle of X-ray photography, so it cannot completely
exclude the location of the heart and focus only on the lungs. Some diseases also have correlate with
the features exhibited by the heart and lungs. Therefore, it is less feasible to deliberately exclude the
heart part. In summary, it is reasonable and practical for the model to focus on the center point of
X-ray.

Figure 6: Division of the heatmap into 25 blocks

Superimposed visualization can be created by superimposing the heatmap onto the original image.
Heatmaps are shown in Fig. 7. Superimposed images are shown in Fig. 8.

The proposed method is shown in Fig. 9. ResNet50 was used in this study with the Adam
optimizer, a learning rate of 0.001, decay steps of 755, and decay rate of 0.9. The loss function used
was binary cross entropy. The output was then passed through Grad-CAM to generate a heatmap.
The generated heatmap will be evaluated and the image weights updated in subsequent training. In
the first step, data augmentation is applied to balance the data. In step 2, the data is preprocessed by
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normalizing the features between 0 to 1 and resizing the images to (160, 160). In step 3, the model
composed of the ResNet50 pretrained model and fully connected layers starts the training process. In
step 4, Grad-CAM is used to generate the heatmap of the training data. The heatmap is evaluated in
step 5. If the highest value of the heatmap is off center, the weight of the image is increased. In step 6,
the model is trained again. Finally, the model is evaluated by the confusion matrix.

Figure 7: The highest value of heatmap is (a) in the center, (b) out of the center

Figure 8: The highest value of superimposed images is (a) in the center, (b) out of the center

Although many existing models were used in the method proposed in this study, when these
technologies were integrated into a system, they could effectively analyze pneumonia data. Through
data augmentation, the proposed model can also perform well when facing data from other datasets
in the future.
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Figure 9: The proposed method

3 Performance Evaluation

3.1 Data Preprocessing

This dataset comprised chest X-ray images of lungs obtained from [29,30]. These images were
selected from patients from Guangzhou Medical Center. The dataset is from an open dataset on the
Internet. Generally, to obtain hospital images, they must be reviewed and approved by the patient
before use. The image is in a standard image format (jpeg) and can be converted to a tensor format
for use. The images were categorized into “normal” and “pneumonia” images (Fig. 10).

The data set had 1,341 and 3,872 normal and pneumonia images, respectively (at a ratio of 1:3).
If the model is trained on imbalanced data, the model is unreliable. This is because the model tends to
output guesses for the imbalanced category (with more data points) during training, thus performing
poorly on a real-world data set. In addition to this data imbalance problem, the total amount of images
was 5,213. The model may tend to learn the category with the higher frequency rather than how to
discriminate between categories when making judgments.

Data augmentation is used to solve the problems of data imbalance and data insufficiency and is a
useful technique for increase data diversity through image transformations, such as shifting, flipping,
rotating, zooming, and brightening.
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Figure 10: X-ray image of (a) normal person, (b) pneumonia person

To prevent unrealistic images, the shift, brighten, rotate, and zoom functions were used instead
of flipping real X-ray images. The angle of rotation was limited to 15°. The images after rotating,
horizontal shifting, vertical shifting, and brightening or darkening are shown in Figs. 11–14. The data
augmentation setting is described in Table 1.

After data augmentation, the data set had 6,000 normal images and 6,000 pneumonia images
(Fig. 15).

Before the model is trained, the images should all have the same pixel count. Data resizing is used
to minimize all images to (160, 160). To enable the neural network model to read the images, the image
type was converted into NumPy array instead of flipping real X-ray images. The images of normal and
pneumonia patients after resizing and transforming them into a NumPy array are shown in Fig. 16.
Furthermore, normalization should be done before model training. Since the gray level of the images
is between 0 to 255, the NumPy arrays are divided by 255.

Figure 11: Horizontal shifting
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Figure 12: Vertical shifting

Figure 13: Rotation

Figure 14: Brightening and darkening
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Table 1: Data augmentation setting

Data augmentation techniques Value

Width shift range 0.15
Height shift range 0.15
Brightness range 0.2
Rotation range 15

Before data augmentation After data augmentation

Figure 15: Number of images

Figure 16: Image resizing

The model’s input is the X-ray images after data preprocessing, and the output is the label of
pneumonia or normal. Data encoding is used to convert categorical data into numerical values that
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the model can read. The category “Pneumonia” is labeled as “0” and the category “Normal” is labeled
as “1.”

3.2 Loss and Accuracy

The results on the loss and accuracy of various models in evaluation tests are presented in this
section. The epochs were set to 25 for each model. Moreover, the fine-tuning process starts at the fifth
epoch onward. The loss and accuracy of the models are illustrated in Figs. 17 and 18.

Figure 17: Learning curve (loss)

Figure 18: Learning curve (accuracy)

In the evaluation tests, GCPNet outperformed its counterparts in terms of accuracy, precision, and
F1 score (Table 2). According to the table, GCPNet achieved an accuracy of 97.2%, which is better
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than other methods. In addition, the precision is about 5% higher than the second highest, ResNet50.
The performance of the ordinary CNN is the worst because it does not use any special architectures
or methods. Except for the recall, which is lower than ResNet50, all other indicators show that the
performance of GCPNet is better than other methods, which also verifies that the model proposed in
this experiment has excellent feasibility.

Table 2: Performance of models

Model Accuracy Precision Recall F1 score

CNN 0.927 0.824 0.929 0.873
VGG16 0.943 0.868 0.93 0.898
ResNet50 0.96 0.906 0.952 0.928
VGG16 + RF 0.937 0.846 0.935 0.888
ResNet50 + RF 0.928 0.829 0.923 0.874
GCPNet 0.972 0.951 0.946 0.948

Model performance was indicated by several metrics, and their definitions are provided as follows.
Accuracy is indicated by the percentage of instances of true classification among all instances of
classification, as written in (3).

Accuracy = TP + TN
TP + TN + FP + FN

(3)

Precision is indicated by the percentage of instances of TPs among instances of positive classifi-
cations, as written in (4).

Precision = TP
TP + FP

(4)

Recall is indicated by the percentage of positive cases correctly predicted by the model (as TPs),
as written in (5). This is also called the sensitivity.

Recall = TP
TP + FN

(5)

The F measure is a compound measure of precision and recall; it is defined as the harmonic average
of both quantities, as written in (6). The F measure is dependent on a parameter β that ranges from
0 to positive infinity. The F measure is more reflective of precision and recall when β tends toward 0
and positive infinity, respectively.

F Measure = (
1 + β2

) × Precision × Recall
(β2 ∗ Precision) + Recall

(6)

The F1 score is a special case of the F measure, in which Beta = 1, as written in (7).

F1 score = 2 × Precision × Recall
Precision + Recall

(7)

4 Discussion

In this study, data was collected using X-ray machines commonly found in medical clinics. Chest
X-ray images were obtained from patients at Guangzhou Medical Center, which were labeled by
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medical personnel to ensure the accuracy of the prediction model and to prevent the machine learning
model from learning incorrect information. The labeling personnel were required to have sufficient
professional knowledge. In addition, to enable efficient training of the machine learning model, the
number of pneumonia patients and healthy individuals in the data was balanced as much as possible.
The training and testing data were collected and verified using the same process as described above.
The feasibility of this method, which can effectively solve the problem of pneumonia diagnosis, was
demonstrated by the research results. Once the machine learning model is trained and the chest
X-ray is completed by the patient, the prediction model can provide recommendations to the physician.
However, it is important to note that medical diagnostic support systems cannot fully represent
the actual situation, and that a physician’s expertise is necessary for deeper judgments in practice.
By improving the efficiency and capacity of medical services, patients can be provided with more
comprehensive medical care.

The dataset is originally segmented into ten parts in the process of cross-validation, and data
augmentation is used for training data, rather than testing data, which prevents data leakage during
the performance evaluation.

In order to maximize the probability of the center of an image belonging to the lungs, CNN strives
to focus as much on it as possible. Therefore, if the CNN model’s focus deviates from the center of a
specific image, then we will retrain the list to ensure that the image is correctly identified if it strays
from the center of the image.

As part of this research, a conventional X-ray machine is used to collect data, and TensorFlow is
used to write the code as part of this project. For the purpose of measuring model efficiency, a cross-
validation procedure was adopted to assess the accuracy of model identity in this paper. All datasets
are gathered under the same conditions and processed in the same manner.

There are also many methods used in medical image recognition. These include applications that
use chest X-rays to determine whether COVID-19 is diagnosed [31]. The reference also used models
such as VGG19 for judgment, but this study also used data augmentation to improve the generalization
of the model. In addition, there are also studies that analyze the degree of COVID-19 infection [32].
This reference also used transfer learning for judgment. In addition to using transfer learning, this
study also used Grad-CAM to weight and improve the model for some feature maps for subsequent
judgments, improving the accuracy of the judgment. The WE-layer ACP-based network (WACPN) [33]
is also a neural network used for pneumonia diagnosis. The reference used the 2-dimensional wavelet
entropy (2d-WE) layer and an adaptive chaotic particle swarm optimization (ACP) algorithm to train
the neural network. The performance of this model was proven to be effective in the article. The use of
optimization algorithms to train the neural network is different from this reference’s traditional way
of training neural networks and is also feasible.

This study found that the recognition performance of ResNet50 is superior. The reason is that
the structure of this model can effectively overcome the problem of gradient disappearance. Through
experiments, the conclusion is that compared with the model trained from scratch, transfer learning
can achieve better results.

5 Conclusion

In this paper, A combination of a CNN model and four other pretrained models through transfer
learning was proposed. In transfer learning, VGG16 and ResNet50 models act as feature extractors,
and fully connected layers and RF act as classifiers. Data augmentation techniques are used in the
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image preprocessing stage to prevent unbalance data. In evaluation tests, GCPNet with the ResNet50
extractor and fully connected layers performed the best. An integrated system that combines Grad-
CAM and transfer learning was proposed to increase model performance. Grad-CAM is used to
generate the heatmap, which shows the region that the model is focusing on. Images have an increased
weight in the next iteration of training if the model did not focus on the right position. Future studies
can implement different machine learning models, such as support vector machine and Adaboost.
Additionally, different methods were designed to divide the heatmap of Grad-CAM to improve model
accuracy.
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Appendix A

A.1 Convolution Neural Network

A CNN is used to create the model in this paper. A CNN is a neural network model that can extract
the features of images and speech. The foundations of a CNN are a convolution layer, a pooling layer,
and a fully connected layer.

The convolution layer uses feature detectors (filters) to perform matrix multiplication with the
input image, generating feature maps. The pooling layer primarily uses max pooling. Max pooling can
be used to select the maximum value in the matrix by the pool size. Finally, a fully connected layer
flattens the previous result and connects it to a basic neural network.

Fig. 19 shows the structure of the CNN designed in this paper. Two consecutive convolution layers
and one max pooling layer are used for each block. The fourth block is connected to dense layers.
However, the input of the dense layer is one dimensional, and the output of convolution layers is not
in the same dimension as the dense layer. Therefore, the flatten layer must be used to transform the
two layers into one dimension. Finally, to prevent overfitting, dropout layers were added to remove
some neurons.

This model uses a Rectified Linear Unit (ReLU) function as an activation function. Furthermore,
the last layer is composed of one neuron unit configured with a binary classifier sigmoid function.

A.2 Random Forest

Random forest (RF) is an ensemble learning model using bagging as an ensemble method and a
decision tree as the base model. The advantage of the bagging algorithm lies in its ability to be used
to process the noise data (bad data) present in the original training samples. Using bagging screening
can potentially prevent noise data from being chosen and reduce the instability of the model. The
structure of RF is constructed using several decision trees and the output of each tree determines the
final prediction. Finally, the majority voting method is used to obtain the final prediction of the model.
Fig. 20 shows the RF.

After the model outputs a prediction after training, the model is evaluated by comparing the
prediction against the ground truth. For the classification, a confusion matrix was used to evaluate
the result.
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Figure 19: Structure of conventional CNN model

Figure 20: Random forest

A.3 Confusion Matrix

A confusion matrix is a data visualization tool. For n categories, the confusion matrix has the form
of an n × n table showing n2 parameters, including the number of True Positives (TPs), False Positives
(FPs), False Negatives (FNs), and True Negatives (TNs). Positive and negative cases were defined to
be normal and pneumonia cases, respectively. The definition of confusion matrix is shown in Fig. 21.
The confusion matrixes results of the models are shown in Fig. 22.
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Figure 21: Confusion matrix

Figure 22: (Continued)
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Figure 22: Confusion matrix of (a) CNN, (b) VGG16, (c) ResNet50, (d) VGG16 + RF,
(e) ResNet50 + RF, and (f) GCPNet
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