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ABSTRACT

Pneumonia is a life-threatening disease and early detection can save lives. Many automated systems have
contributed to the detection of this disease and currently, deep-learning models have become among the most
widely used models for building these systems. In this study, two deep-learning models are combined:
DenseNet169 and pre-activation ResNet models and used for automatic detection of pneumonia. Two methods
are used to deal with the problem of unbalanced data: class weight, which enables to control the percentage of
data to be used from the original data for each class of data, while the other method is resampling, in which
modified images are produced with an equal distribution using data augmentation. The performance of the
proposed model is evaluated using a balanced dataset that consists of 5856 images. Achieved results were
promising compared to those obtained by several previous studies. The model achieved a precision value of
98%, an area under curve (AUC) based on ROC of 97% and a loss value of 0.23.
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1. INTRODUCTION

Pneumonia is a disease that targets the lungs. The cause of the disease, whether it is a virus, bacteria or
fungus [1], seeks to damage one or both lungs. According to a report issued by the World Health
Organization (WHO), it has been indicated that pneumonia is one of the most serious life-threatening
diseases, especially for children under the age of five, as it kills about 1.2 million children of this age
category around the world [2]. Other statistics have shown how dangerous and threatening pneumonia
can be to a person’s life. For example, a study indicated that there are about 4.5 million people
infected with pneumonia around the world each year and more than 50,000 people die as a result of
this disease in the USA each year [3]. In another study in 2012, it was indicated that there were about
28,952 deaths in the UK that were caused by pneumonia that year. In two statistical studies in 2016,
the first concluded that about 880,000 children under the age of two died as a result of this disease [4],
while the second in the same year indicated that Indian reports indicated that the highest death rates
around the world were due to pneumonia with about 158,176 deaths in that year [5]. According to a
report by the WHO, one out of every three deaths is due to pneumonia in India [6]. Figure 1 shows
three X-ray images representing a normal, bacterial pneumonia and viral pneumonia images.

Normal Bactenal Pneumonia Viral Pneumonia
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Figure 1. Normal, bacterial and viral pneumonia images [17].

From Figure 1, we can clarify the difference between the images, where in the normal chest image in
the left, specifically by focusing on the lungs area, which appears in a black color, the presence of
gases and their normal exchange are expressed. The middle image expresses a lung infected with
pneumonia of a bacterial type and the affected area is the one to which the two arrows point which
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appears as a blurring or gray area. The image in the right shows two lungs infected with a viral type of
pneumonia which appears in a hazy color. The difference between the bacterial and viral types is that
the bacterial type infects one side of the lungs, while the viral one may infect both lungs.

Radiologists focus on identifying white spots and foggy or blurry areas to locate the injury, but the fact
that the X-ray images of the chest are in black and white causes another challenge for the
diagnostician to make a proper diagnosis of the disease [7]. This needs experience and accuracy.
Another problem is that the symptoms of this disease overlap which the symptoms of other diseases
such as lung cancer, which appears as opacity in the picture [8]. Therefore, there is a need to build
automated systems capable of diagnosing this disease with greater accuracy and less time. The stages
of developed algorithms and methods used for diagnosing pneumonia can be divided into three main
stages: the oldest stage which started in the nineties used textual analysis to detect the CXR images
[9]-[10]. As for the intermediate stage, it started with the emergence of machine-learning algorithms
like support vector machine (SVM), k-nearest neighbor (KNN), Naive bayes (NB) and random forest
(RF) [11]-[12]. Research in the current period; i.e., the third stage, focused on the use of deep-learning
models, specifically convolutional neural network (CNN) models, such as VGGNetm ExNet and
GoogleNet [13] and ResNet models, like ResNet-38, ResNet-50 and Resnet-101 [3], [14]-[15]. Deep-
learning models are mostly used for feature extraction and some focus on identifying regions of
interest in the image; i.e., identifying the most important and effective area in diagnosing the disease

8.

In this paper, we proposed a new model consisting of two integrated deep-learning models for the
phase of extracting features from CXR images to automatically diagnose pneumonia and those models
are: pre-activation ResNet and DensNet169. After a critical analysis of the literature, we have deduced
that the pre-activation ResNet model has achieved better results than the ResNet model in the medical
field for instance, in [16], it obtained efficient results for the detection of prostate cancer. We have also
found that those two models are the most common models used by different researchers for solving
similar problems in the medicine field like Alzheimer disease [47], but these modes are not used for
the detection of pneumonia. The decision of combining the two models is taken experimentally, after
conducting the experiments using each model individually; it was found that the combined model has
achieved better results that the results obtained when applying each model individually. The other goal
of this study is to show the importance of supporting the numerical results to evaluate the performance
of the model with what is called the performance curve, which shows how the model learns during the
training and validation processes.

The rest of this paper is organized as follows: In Section 2, we present the most prominent previous
studies, specifically those that focused on deep-learning models and supported their results with a
performance curve. Section 3 presents the proposed model in detail. Section 4 presents and discusses
the experimental results. Finally, conclusions drawn from this study and directions for future work are
presented in Section 5.

2. RELATED WORKS

Most of the recent studies, specifically those that were used to build systems for automatic detection of
pneumonia, focused on the use of deep-learning models in general and CNN models in particular, as
they have a high ability to extract the smallest details from images. We have highlighted in this section
the most related studies that used deep-learning algorithms on the same database proposed in [17].

Most of the previous approaches used pre-trained models on large datasets. In [18], three types of pre-
trained CNN models are used in the early feature-extraction stage; these include AlexNet, VGG-16
and VGG-19. Five algorithms are used, while in the classification stage, including KNN, decision tree
(DT), linear discriminant analysis (LDA), linear regression (LR) and SVM are used. The best accuracy
they reached was about 99%, but the performance curve showed a higher fluctuation in the validation
phase than in the training phase.

In [19], a DenseNet-121 pre-trained model is used as a feature extractor with a deep neural network as
a classifier. The best accuracy reached is 98% after conducting three experiments on the model, while
the shape of the performance curve was unstable in the first and third experiments and reached a more
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stable shape in the second experiment.

Another study based on pre-trained models is proposed by Chouhan et al. [1] using five pre-trained
CNN models: ALexNet, DenseNet121, InceptionV3, ResNet18 and Google Net. The proposed model
achieved an accuracy of 96.39% and slightly squiggly performance curves for all models.

In [20], a pre-trained model (Xception) is used in the feature-extraction step and an under-sampling
technique is used to re-balance the dataset. The proposed model reached a value of 96% for AUC
measure, a recall of 99%, a precision of 84%, an F1-score of 0.91 and a validation loss of 0.04. The
performance curves started to fluctuate until the 20" epoch, which is where the stability started
perfectly.

In [21], five pre-trained CNN models: Xception, Inception-v3, VGG-16, ResNet50 and DenseNet201,
are suggested to extract features from chest X-rays (CXR), then extracted features by every model are
combined using Dempster—Shafer theory. The performance curve measure is not used for the
evaluation of the model; only accuracy, precision and F1-score metrics are used. The model obtained
an accuracy of 97%, a recall of 98% and an AUC of 99%.

In [22], Islam et al. proposed a model which consisted of two pre-trained CNN models: SqueezeNet
and Inception-V3, to extract attributes from CXR images. SVM, KNN and Artificial Neural Network
(ANN) are used for classification. The best reported results were obtained when using the ANN,
which gave an accuracy and a sensitivity of 98% as well as a specificity and a precision of 99%.

Ayan and Unver [23] compared the performance of the two pre-trained models Vggl6 and Xception.
The results showed that the Vgg16 model outperformed the Xception model with an accuracy of about
87%, while the Xception model achieved an accuracy of 82%. For the performance curves, turbulence
and fluctuations are evident in the performance curve with respect to the validation stage of the
VGG16 model, while the performance curve seemed less turbulent with respect to the Xception model
with a difference in the results of the two curves in the training and the validation phases.

A pre-trained ResNet-50 model is employed by Hussain et al. [24] for classifying injured and non-
injured CXRs; data augmentation is also used to increase the number of images in the dataset. The
model obtained an accuracy of about 90%, while the performance curve is very turbulent and has little
stability in the validation phase.

Singh et al. [25] built a modified model of ResNet, called Quaternion CNN. The proposed model
differs from the original ResNet model in which every convolutional layer is replaced by a Quaternion
convolutional layer; also, every Relu layer is replaced by an exponential linear unit. The proposed
model reached an accuracy of 93%, a loss value of 0.25% and an F1-score of 94%. The shape of the
performance curve was turbulent until the fortieth step and then seemed perfect; also, the loss scale
was stable in shape and the difference between the training curve and the validation curve was
increasing over time.

Raci et al. [26] applied the traditional CNN model layer by layer where the accuracy of that model
reached 90%. The performance curve for the validation stage was highly fluctuating and more
pronounced in the loss scale than in the performance curve for the accuracy measure, which, although
fluctuated, was more fluid and the difference between the two curves in the training and validation
stages is less. In [3], CNN and ResNet models are combined and used for the detection of pneumonia.
Also, Jain et al. [27] used six CNN models and four pre-trained models: VGG16, VGG19, Inception
V3 and ResNet50, for pneumonia detection. The models obtained good results, while the performance
curve for all models was unstable with a clear difference between the performances of the training and
validation curves.

Mabrouk et al. [45] proposed the use of three CNN pre-trained models including DenseNet169,
MobileNetV2 and Vision Transformer for the detection of pneumonia using ImageNet chest X-rays
database. Experimental results showed that the proposed approach obtained good results compared to
other previous approaches, with an accuracy of 93.91% and an F1-score of 93.88%.

Rahman et al. [46] used four CNN pre-trained models including AlexNet, ResNet18, DenseNet201
and SqueezeNet for the detection of pneumonia tested on a dataset consisting of 5247 chest X-ray
images. The authors reported promising classification results compared to other approaches.
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In [48], different transfer learning techniques are used to detect pneumonia from chest X-rays.
Experiments showed that promising results are obtained by the proposed approach.

In [49], a deep-learning (MobileNet) model is proposed for the detection of pneumonia using chest X-
ray images. The dataset proposed by Kermany [17] is used for training and testing the model. The
model achieved an accuracy of 97.34% for training, an accuracy of 87.5% for validation and an
accuracy of 94.23% for testing.

In [50], A CNN model using a dropout in the conv layer is proposed for the detection of pneumonia
from chest X-rays. Kermany dataset [17] is used for training and testing the proposed approach.
Achieved results were promising compared to recent approaches (accuracy = 97.2%, recall = 97.3%,
precision = 97.4% and AUC = 0:982). Table 1 presents a summary of the key papers reviewed in this
study using the same dataset [17].

Table 1. Summary of the key papers.

Ref.

Approach

Limitations

Best Results

[1] CNN model with pre-trained models

Slightly zigzag curves in the
performance curve.

Accuracy: 96.39%,
Recall: 99%

[3] CNN with lightened image on increased

contrast with ResNet

A low value is a measure of
accuracy with no consideration of
the performance curve.

Accuracy: 78.73%

[19] Lightweight Deep ANN

Unstable performance curve.

Accuracy: 98%

[20]  [Xception pre-trained model

Different results for different
performance measures.

AUC: 0.96%, Recall:
0.99, Precision: 0.84%,

F1-score: 91%

[23] [Vggl6 and Xception models

Oscillating curves of both models.

Difference between the
performance curve for the training
and validation phases of the
Xception model.

Accuracy: 87%

[26] | CNN

The performance curve was too
squiggly in the validation phase.

Accuracy: 90%

[27] CNN, VGG16, VGG19, ResNet50 and

InceptionV3.

The performance curve is unstable
for all models.

Accuracy: 92%
and 88%,

3. MATERIALS AND METHODS

3.1 Materials

The dataset proposed by Kermany et al. [17] is used to evaluate the proposed approach. The dataset
consists of 5856 CXR images of pneumonia of two classes: infected images and not infected images.
This dataset is for children within ages between 1 and 5 years and classified by specialists in the
“Women and Children's Medical Center” at Guangzhou [42]. The dataset is divided into 89% for
training, 10% for testing and 1% for validation. This distribution is presented in Table 2.

Table 2. The original distribution of the dataset.

Normal Pneumonia Total

Training 1341 3875 5216
Testing 234 390 624
Validation 8 8 16

Total 1583 4273 5856
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It can be seen from Table 2 that the percentage of pneumonia images reached about 73%, while the
percentage of normal images was about 27% for the whole dataset. The percentage of pneumonia
images in the data test reached about 63% and the percentage of normal images is about 37%.

The second experiment is conducted after redistributing the dataset into 75% for training, 22% for
validation and 3% for validation, as presented in Table 3.

Table 3. The redistribution of the dataset.

Pneumonia Normal Total
Training | 3207 (73%) | 1185 (27%) 4392 (75%)
Testing 811 (63%) 477 (37%) 1288 (22%)
Validation | 88 (50%) 88 (50%) 176 (3%)
Total 4229 (72%) | 1627 (28%) | 5856 (100%)

The third experiment is conducted after applying data augmentation to the original dataset with 75%
for training, 22% for testing and 3% for validation, as presented in Table 4. The distribution here was
an equal distribution for each class in the training, testing and validation, since we are trying to test the
effect of this distribution of the classes on the performance of the model. The dataset size after
augmentation reached 29,890 images, divided as 22,417 for training, 6575 for testing and 898 for
validation (Table 4).

Table 4. The distribution of the dataset after augmentation.

Pneumonia Normal Total
Training 11,432 10,985 (49%) 22,417 (75%)
Testing 3,419 (52%) | 3,156 (48%) 6,575 (22%)
Validation | 449 (50%) 449 (50%) 898 (3%)
Total 4229 (72%) 1627 (28%) 29,890 (100%)

3.2 Parameter Settings

Parameter setting is one of the most sensitive steps and affects the results of the model; it is used to
reduce network error. The values of these parameters are chosen experimentally for all experiments, as
presented in Table 5. Parameters’ values are also related to the type of optimizer used; for instance, a
learning rate of 0.0001 is used for the Adam optimizer for updating the network weights. 30 epochs
are used, which indicates the number of times the training dataset is divided according to the patch
size across the network and accordingly, the parameters in the network are updated. Default steps per
epoch that are equal to several samples in the training dataset are divided by the batch size and default
steps between validation epochs that are equal to several samples in testing dataset are divided by the
batch size for fitting the model with data step. L2 regularization is used with the SGD optimizer to
overcome the overfitting problem, where the learning rate is changed to 0.00001 and the number of
epochs is also changed to 40; this value represents the number of forward and backward stages to be
used in the training and verification stages. Dropout regularization is used in the resampling stage
instead of L2 regularization.

Table 5. Training hyper-parameters.

Parameter Value
Batch size 24
Optimizer Adam, SGD
Learning rate 0.0001(Adam) and 0.00001(SGD)
Number of 30,40
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Steps per epoch Number of training samples / batch size
Validation steps Number of testing samples / batch size
Regularization L2, Dropout

3.3 Evaluation Metrics

The performance of the proposed model is evaluated using five metrics: accuracy, precision, recall and
AUC and it is the rate between the TP and FP. In general, it is used in binary classification models and
it is used to evaluate models that take into account the same percentage of importance for the
classification of both types of samples.

Binary cross entropy is also used as a loss function to measure the difference between the estimated
probability and the actual probability [43]. These metrics are formulated using Formulae 1 - 4.

TP + TN
Accuracy = oo U FN + FP + TN M
o TP
Precision = TP + FP 2)
TP
Recall = m (3)
1 N
TP FP 1

0

where, TP, FN, FP and TN refer to True Positive, False Negative, False Positive and True Negative,
respectively. TP represents the number of correct classifications of positive observations of
phenomena-infected images; FN represents the number of incorrect classifications of positive
observations (normal images) that are incorrectly labeled as phenomena-infected images. FP
represents the number of incorrect classifications of negative observations and TN represents the
number of correct classifications of negative observations.

3.4 Methods

The overall architecture of the proposed approach is presented in Figure 2. It comprises three phases:
pre-processing, data augmentation and normalization, as well as feature extraction and classification.

Since the dataset used in this study is unbalanced, two different techniques are used to tackle this
problem: the class-weight and the resampling techniques. In the first technique, the weights of the
different classes in the dataset are rebalanced so that the model is prevented from bias towards the
most present class. This technique uses a kind of hyper-parameters added during the fitting or training
processes; i.e., it is an amendment to the existence and weights of the classes so that the presence of
the two classes is balanced. Two experiments are conducted; in the first experiment, the same weight
is given for both classes, while in the second experiment, higher weight is given to the class with the
least presence (the normal class). For the second technique (resampling), the number of images is
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Figure 2. The proposed approach.
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increased for the least frequent category based on the data augmentation method, so that the number of
images for both categories is balanced.

3.4.1 Pre-processing

Data augmentation is used to increase the volume of the dataset, since deep-learning models need
large data to give a high performance. It is also used to address the problem of overfitting, i.e., the
model achieves good results on the training data, while it doesn’t perform well on new unseen data
[28]. Eight augmentation methods are applied online in this study as presented in Table 6. All these
operations are performed randomly to produce new images, where more than one operation was
applied [29]. Image sizes for the dataset are normalized to 224x224 to be suitable for the DenseNet169
pre-trained model.

3.4.2 Feature Extraction

Two CNN models are used in this study, including pre-activation ResNet and DenseNet169. The pre-
activation ResNet model is built from scratch; i.e., defined layer by layer and the DenseNet169 model
is applied using the weights used during the training phase on the ImageNet dataset.

Pre-activation ResNet Model

Pre-activation ResNet is a special version of ResNet proposed by He et al. [30]. The ResNet model
has two different architectures based on the flow of data. The first architecture follows a main path,
while the second architecture takes a shortcut path; i.e., data can travel between layers and bypass the
others depending on the type of main path [31].

Table 6. The proposed data augmentation methods.

Augmentation process Description

Rescale (1/255) Transforming the image pixel values (0 — 255) to values between 0 and 1.
Rotation = 40 Rotating images between 1° and 40° degrees.

Width-shift = 0.2 Shifting images horizontally with a percent of 0.2.

Height-shift = 0.2 Shifting images vertically with a percent of 0.2.

Zoom-range = 0.2 Scaling and inverse scaling of images.

Horizontal flip = True Flipping images horizontally.

Fill-mode = *nearest’ Filling the nearest of the body shape with points (the border of the image).
Shear-range = 0.2 Shearing of images.

The first architecture consists of an arrangement of layers: a convolutional layer, a batch normalization
layer and a rectified linear unit (Relu) layer or a bottleneck. The second architecture is based on the
same principle with a different arrangement of the layers, so that their arrangement in the main path is
as follows: BN layer, a Relu layer and a convolutional layer (conv layer). Figure 3 shows the two
different architectures of the ResNet. In this study, we used a pre-activation ResNet architecture
with 9 pre-activation residual blocks.

Xt Xt
- s
[ weight | BN
v
BN RelU
ReLU | weight |
weight BN
v
BN RelU
" +
[ addition | | weight |
RiLU acldn:io‘n
Xt Xi+1
(a) original (b) proposed

Figure 3. ResNet vs. pre-activation ResNet [30].
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Equation 5 represents the block of the pre-activation ResNet, where the output layer in the pre-
activation ResNet is XI + 1 and the shortcut path X! is the input features. F is the path,°F is the
activation function and W1 is the weight.

X!+ 1 = XI + F(°F(XI), W) (5)

BN layer is based on the principle of estimating the means and standard deviations of the inputs of
each layer for each small batch or subset of the training set. Bjorck et al. [32] defined BN as “a
normalization method for layer activation in the hidden layers of deep-learning models”. BN layer is
used to increase the training speed and to improve the accuracy in deep-learning models [33].

Relu is the most widely used type of activation function in deep-learning models. It defines the output
of the hidden layer inputs and works by converting all numbers less than zero into zero while keeping
the other numbers. Equation 6 represents how the Relu works by converting each number less than
zero into be zero and keeping the other numbers at their values.

f(x) = max(0,x) (6)

Conv layer is the third layer on the pre-activation ResNet block. It works by moving the filter on the
images to extract the features. This process is done by multiplying the value of the image's pixel array
with the filter number, which produces what is called a feature map [34]. In practice, that sequence is
defined iteratively again in the main path as we define one conv layer in the shortcut path. As for the
layers before those blocks, the conv layer is defined, followed by the max-pooling layer to reduce the
size of feature maps. After defining the blocks, we must define (BN => Relu) [35]. The next layer is
the pooling and flatten layer; its function is to reshape the feature maps from a two-dimensional array
to a one-dimensional array to be fed into the ANN classifier after merging it with other features from
the DenseNet169model. Figure 4 shows the main layers of the proposed pre-activation ResNet model.

Pre-trained DenseNet169 Model

DenseNet169 is a type of densely connected convolutional layer with 169 layers. It is proposed by
Huang et al. [36] and considered as one of the most popular CNN models used by researchers for
classification and segmentation tasks. DenseNet169 is trained on many large datasets, but the volume
of these datasets is less than those used by some researchers like Kundu et al. [37] and EI Asnaoui et
al. [38]. In this study, we used the DenseNet169 model with the ImageNet datasets for feature
extraction and ANN was used for classification. Figure 5 shows a DenseNet model with 5 layers. The
pre-trained DenseNet169 model is applied after resizing the image size into 224x224. The features
extracted from the two models are combined using the concatenation layer [39].

(r—'\ e o~ A A A 1\
[#]
o g
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o
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3 g L
& 2
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Figure 4. The proposed pre-activation ResNet. Figure 5. DenseNet with 5-layer connection [35].

3.4.3 Classification

The network consists of one hidden layer, 450 neurons, a Relu activation function and one output layer
with one neuron. The number of layers and the number of neurons are determined experimentally; i.e.,
one hidden layer and 450 neurons gave the best results. ANN is used for classification and the sigmoid
activation function is also used in this study, since it is commonly used for similar tasks [40]. Feature
extraction is performed using two models based on a certain number of samples or specific batch.
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4, EXPERIMENTAL RESULTS

In this section, we present the results and performance curves that express how the model performed
during the training and validation phases. In the three main stages: original distribution stage, class
weight stage and re-sampling stage, the results of each stage are divided into sub-stages based on the
type of optimizer used and other additional criteria. The metrics used for evaluation are: precision,
recall, accuracy, loss and AUC. The model's performance in the training phase is represented in blue
for all curves and the orange curve expresses the model's performance during the validation phase.

A different number of layers is used for the two models in the feature-extraction stage depending on
the used optimizer. For instance, 85 layers are used for pre-activation ResNet and DenseNet169 used
with the Adam optimizer, while 37 layers are used with the SGD optimizer. For the classification step,
an ANN is used with one hidden layer containing 450 neurons as well as a Relu activation function
and one output layer with one neuron and a sigmoid activation function. Since we applied the pre-
activation ResNet model from scratch, we tried to apply it with different numbers of layers. After a
number of attempts, we found that the proposed model obtained best results when the number of
layers is 85 for the Adam optimizer (including feature-extraction layers and two classification layers)
and 37 layers for the SGD optimizer.

These classes are designed for each of the three main stages, dealing with the original data, class
weight and re-sampling stages. Numbers of features extracted using the pre-activation ResNet and
DenseNet169 models are 200704 and 14976, respectively. The input size of the classifier for all
experiments is 224x224x3.

4.1 Results Using the Original Dataset

The performances of the proposed models are represented using performance curves which express the
learning behaviour of the models during training and validation stages. The curve consists of two
levels: the x-axis expresses the number of epochs or steps that the model walks back and forth during
training and validation. The y-axis expresses the number of metrics used in the evaluation. Each
Cartesian level contains two curves. The first is the training curve (blue curve), which expresses the
performance of the model when trained on the training data. The second is the validation curve
(orange curve), which expresses the performance of the model in the validation stage.

4.1.1 Results Using Adam Optimizer

Figure 6 shows how the model behaviour during the training and the validation phases when using the
Adam optimizer. It can be seen from the Figure that the model was stable during the training stage,
while it was unstable during the validation stage. We found that the dropout has increased the loss,
which is worthy to be investigated more in future research. It can be seen also from Figure 6 how the
model was learned throughout the training and validation periods. Looking at the movement of the
training and validation curves, it can be noticed that the movement of the training curve (blue-color
curve) is stable throughout the period, while the movement of the validation curve for all the metrics
was very mobile and completely unstable, ending with very poor results at the last epoch.
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Figure 6. Results using the original dataset and the Adam optimizer.
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4.1.2 Results Using SGD Optimizer

Figure 7 shows the model behaviour during the training and the validation phases when using the SGD
optimizer. It can be seen from this Figure that the curves began to stabilize clearly. We also found that
there is a difference between the performance of the training curve and that of the validation curve. It
can be also noticed that the curves started to stabilize a little compared to the previous stage after
reducing the number of layers and reducing the learning rate and the length value of I2. Also, there is a
difference between the performance of the training curve and that of the validation curve.
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Figure 7. Results using the original dataset and the SGD optimizer.

4.2 Results Using Class Weighted Dataset
4.2.1 Results Using Adam Optimizer

Figure 8 shows the results of the proposed model when using the Adam optimizer with a class weight
dataset. The class weighting technique is used to tackle the problem of imbalanced data and to
improve the loss values from the five measures. The model’s performance curves in the validation
stage express the inability of the model to generalize all the validation data, which is shown by the
highly volatile curve in the validation stage (orange color).

Madel precision Model recall Moaoel accuracy

100 e —— _[— —

apochs oche

Figure 8. Results using class weight and the Adam optimizer.

After an analysis of the results for this stage (Figure 8), we noticed that the precision started with
slightly high values at the beginning of the training with a value of 93% and began to increase with the
passage of learning time, where the values were stabilized at epoch 10 until the end of the specified
period at the 30" epoch, to stop at a value of 99%. For the validation curve, the precision started with
low values at the beginning of the retraining, but it quickly adjusted the values to reach the highest
level at epoch 2, then it suddenly decreased to reach a value of 94% at the third epoch. Then, it
returned to high and stable values from epoch 5 to epoch 14 and suddenly decreased by one epoch and
returned to rising and stabilized again until the end of the period, reaching a value of 98% at the 30"
epoch.
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The recall values were stable from the beginning of the fifth epoch until the end of the period to stop at
a value of 99%. For the validation curve, it started with very high values, but it was fluctuating
throughout the training period and reached its lowest level in the middle of the period to go up, but
with high fluctuations. It reached a high value of 99% at the end of the period.

The accuracy values started with the lowest value of 88% at the first epoch, but it continued to
improve and began to stabilize at epoch 15 until the end of the period to stop at a value of 99%. For
the validation curve, it was very low at 75%, but it quickly rose at the third epoch; however, its
behaviour was very volatile throughout the period, but it stopped at the end of the period at a good
value of 97%.

For the loss metric, it is concluded that the model during training continued to decline from the
beginning of the third epoch with great stability in the curve and reached a value of 0.002 at the end.
While the behaviour of the model during the validation period was fluctuating from the beginning, but
it stopped at a small error rate of 0.01 at the last epoch.

Lastly, the AUC values in the training phase started to stabilize early at epoch 3 until the end of the
period to stop at a value of 99%, while the performance of the model in the validation stage was
fluctuating throughout the period to stop at a value of 97%.

4.2.2 Results Using SGD Optimizer

Several attempts and different values have been tried for the weights of the classes at this stage. In the
first attempt, we used equal class weight with the SGD optimizer with less number of pre-activation
blocks (three blocks) to minimize the complexity of the model. In the second attempt, we have given a
higher weight for class 0, which had a lower distribution between the two classes; the original
distribution for class 0 is multiplied by 1.5, while the original weight for class 1 is kept unchanged.

¢ Results Using Equal Class Weights

Figure 9 shows the results of the proposed model when using the SGD optimizer with equal class
weights.

Mode! pracison Nodal reca Modgal accuracy

e —T

= e 050 { N
50

AL T T A

il . ilogeTaué
i e e L AR

J
a6 | | w <5 7= =i
|
4]

F3
Tuy
1]

@
N
@

] L 4 s x x b ] = @ e 0 (3 x = x
qecra @ecs

Figure 9. Results using equal class weights and the SGD optimizer.

After a careful analysis of the results in Figure 9, we notice that the precision started with slightly low
values from the beginning of the training, but it quickly began to gradually rise from epoch 5 to epoch
40 (end of training). The performance curve was almost stable with very few bends reaching a
precision value of about 95%. The model's behavior during the validation period was almost stable
with very few zigzags that continued until the end of the period to reach a value of 97%.

The recall values during the training stage were stable from the beginning of the third epoch until the
end of the training, stopping at a value of 93%, while during the validation stage, the recall started
with low values, but it fluctuated slightly throughout the period reaching an average value of 88%.

The accuracy during the training phase started with a low value of 68% at the first epoch, but it
continued to rise and began to stabilize at epoch 10 until the end of the training to stop at a value of
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92%, while in the validation phase, its behavior was slightly volatile throughout the period and
stopped at the end of the period at a value of 89%.

It is also noticed that the behaviour of the model during the training phase continued to decline from
the beginning of epoch 3 reaching a loss value of about 0.3. It continued to decline until the end of the
period to reach a loss value of about 0.19. The values for the AUC measure during the training and
validation phases started stable from the beginning to the end of the period, stopping at a value of
about 97%.

¢ Results Using Different Class Weights

Metrics’ values and numbers improved when changing the weight of the least available samples in the
data, which is the normal class, by 1.5 compared to 1.0 for the highest available samples. Although the
curves are less stable than in the previous stage, as shown in Figure 10, there were slightly better
results as numbers, where the precision ratio reached 98% and the stability of performance relative to
the AUC metric remained at 97% and the recall metric remained at 88%, while the accuracy metric
improved by 0.01. Its value becomes 90% and the loss ratio becomes 0.23.
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4.3 Results Using Re-sampled Dataset

In this stage, we added a dropout layer with values of 0.8 and 0.9. This layer is used to decrease the
complexity of the nodes in the ANN in a dense layer by randomly picking nodes to make them idle or
disabled for a certain time; this step is also used to reduce the effect of the overfitting problem. Table 7
shows the hyper-parameters used in this stage for both Adam and SGD optimizers.

Table 7. Training hyper-parameters in the re-sampling stage.

Parameter Value
Batch size 24
Learning rate Adam: 0.0001; SGD: 0.00001
Number of epochs 30, 40
Steps per epoch No. of training samples: batch-size
Validation steps No. of testing samples: batch-size
Regularization method L2, dropout

4.3.1 Results Using Adam Optimizer

Figure 11 shows the performance curves of the model using the re-sampling method. The model was
good in the training stage, but its performance was not stable in the validation stage, with a very high
loss value, so we applied another optimizer with a less-complexity model in the next step.

4.3.2 Results Using SGD Optimizer

Figure 12 shows the results for the different metrics in the re-sampling stage using the SGD optimizer.
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In this stage, we noticed that the resulting curves became smoother than in the re-sampling stage with
Adam optimizer, but we need to increase the dropout ratio to minimize the difference between the
training and the testing results, so we applied a model with just 3 blocks for the pre-activation ResNet
model.
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Figure 11. Results using the re-sampled dataset and the Adam optimizer.
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Figure 12. Results using the re-sampled dataset and the SGD optimizer.

The training stage started with a small precision value at the beginning of the training and continued to
improve and rise with a steady movement until it reached a precision value of about 97%, while in the
validation stage, it started with a good start and continued to improve with a slight rise. The curve
formed a little zigzag and the training stopped at epoch 40 by a value of 88%.

The recall values at the training stage started with a value of about 63% and continued to rise
gradually with stable movement until it reached a value of 93%, while at the validation stage, the
recall started at a value of about 82%, while the shape of the curve was fluctuating by a small
percentage and the recall ended at a value of 89%. The movement of the training curve was increasing
as the number of epochs increases with a smooth curve stopping at an accuracy value of about 95%
and the validation curve started to stabilize at approximately epoch 10 until it reached epoch 40 with
an accuracy of about 88%.

The loss values at both the training and the validation stages were stable reaching a value of about
0.11at the training stage and a value of about 0.27 at the validation stage. The movement of the two
curves for the AUC metric was stable and gradually increasing, with the training curve stopping at a
value of about 99% and the validation curve stopping at a value of about 95%.

4.4 Results’ Comparison for the Three Stages

The experiments in this study are divided into three main stages. The first stage is to train the model
on the data with its original distribution and the remaining two stages deal with the weighting stage
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and the resampling stage The goal in this study is to reach a good performance numerically as well as
behaviourally through its behaviour in the performance curve, so that we reach a stable model as much
as possible. The results are presented through the performance curves in the previous paragraph in
detail and Table 8 summarizes the results for each experiment.

The model obtained a bad and unstable performance when trained on the data with its original
distribution. Referring to Table 8, it shows bad numerical results, so there was a need to increase the
percentage of data in the performance validation stage and using techniques to deal with the irregular
distribution in performance. The goal of this study is to make a trade-off and to combine the stability
of the performance curve and the numerical results to choose the best results.

Table 8. Results’ comparison for the three stages.

Stage Results Precision | Recall | Accuracy | AUC | Loss

Original distribution stage (Adam optimizer) | Training 0.74 0.99 0.74 053 | 442
Validation 0.62 0.99 0.62 0.54 6.10

Original distribution stage (SGD optimizer) | Training 0.96 0.95 0.94 098 | 014
Validation 0.90 0.92 0.88 094 | 0.27

Class weight stage (Adam optimizer) Training 0.99 0.99 0.99 0.99 | 0.002
Validation 0.97 0.99 0.97 0.97 | 0.01

Equal class weight stage (SGD optimizer) | Training 0.95 0.93 0.92 097 | 019
Validation 0.97 0.88 0.89 0.97 0.24

Different class weight stage (SGD optimizer) | Training 0.96 0.93 0.92 097 | 018
Validation 0.98 0.88 0.90 0.97 | 0.23

Re_samp"ng Stage (SGD Optimizer and Training 0.974 0.939 0.957 0.992 0.115
dropout of 0.8) Validation | 0.880 | 0.890 | 0.883 | 0.953 | 0.279

Re-samp”ng stage (SGD Optimizer and Training 0.965 0.927 0.946 0.987 | 0.142
dropout of 0.9) Validation | 0.876 | 0.907 | 0.888 | 0.948 | 0.292

Despite the high results of the class weight stage experiment with Adam optimizer, its performance
curves were zigzag, which means that the model has no guaranteed performance. Therefore, the results
of the different class weight experiment are nominated with SGD optimizer to combine good
performance and acceptable shape of performance curves.

4.5 Comparison with Other Approaches

The results of the proposed approach are compared with the results of nine previous approaches which
used the original distribution of the dataset proposed in [17]. This comparison is presented in Table
9. The proposed approach achieved promising results compared to other approaches, especially for the
precision metric.

Table 9. Results’ comparison with others approaches.

Ref. Algorithm Accuracy | Recall | Precision | AUC | Loss
[3] CNN 78 - - - -
[15] ResNet-34 92 99 90 - 1.6
VGG16 87 96 - - 0.3
[27] VGG19 88 95 - - 0.3
Inception V3 70 84 - - 0.9
ResNet50 77 97 - - 0.6
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ResNet152V2 99 99 99 99 -

[29] MobileNetV2 96 99 95 97 -
CNN 92 92 95 96 -

LSTM 91 92 93 95 -

[20] Xception - 99 84 96 0.04
[24] Pre-trained ResNet50 90 93 93 89 0.03
23] VGG.16 87 - - - 0.3
Xception 82 - - - 0.45

[2] CNN model 84 - - - 0.8
Xception 83 - 95 - 0.6

DenseNet201 93 - 99 - 1.9
MobileNet_v2 96 - 98 - 0.24

VGG19 85 - 80 - 1.3

[37] CNN 84 - 94 - 0.4
VGG16 86 - 87 - 1

Inception_v3 94 - 93 - 1.76

ResNet 50 96 - 98 - 15
Inception_ResNet V2 96 - 98 - 1.1
e | @ | ® | % |9 o

Comparing the results in terms of accuracy shows that better results are achieved compared to many
previous approaches, including ResNet-34 [15], MobileNetV2, CNN and LSTM [29], the pre-trained
Xception model [20], ResNet-50 [24], Xception, VGG19 and CNN [37], while the difference was
clear between our results and those of other models in measuring AUC; other models include
MobileNetV2, CNN, LSTM [29], the pre-trained Xception model [20], ResNet-50 [24]. The last
column shows the difference between our results in the loss metric compared to ResNet-34 [15], [27]
and its four algorithms [23], [37].

4.6 Results Discussion

The proposed approach was able to reach a performance that combines good results numerically and
behaviourally acceptable in the performance curve. In addition, we overcame many challenges that we
encountered during this study, like the small size of the test data, which appeared for the first time in
the performance curve. To overcome this challenge, we repartitioned the training and validation data
from scratch.

Then, we used different techniques to deal with the imbalance of data distribution; namely, the
categorical weight and re-sampling techniques with the increase of data. Another challenge was the
problem of overfitting, which we addressed by reducing the number of ResNet pre-activation layers
and using an organization type suitable for the two techniques implemented in the previous challenge.
L2 is used with the class weighing technique and the dropout is best suited with the re-sampling
technique. In addition, the optimizer was changed from Adam to SGD, where the use of the SGD
optimizer had a positive effect in terms of model performance stability compared to the results
obtained when applying the Adam optimizer. The explanation for this phenomenon is that the SGD
optimizer splits the batch number of features equal to the number of those features, making the
performance movement more stable, specifically in the loss scale and thus allowing for the possibility
of updating the weights for each training sample. The second conclusion is that the method for dealing
with unbalanced data has a role in determining the type of regularization method that is the best, where
the L2 method was the best suited one for the class weight technique, while the dropout method was
the best suited for the re-sampling technique, which may be due to the volume of data used in each
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stage. The results were very good on the precision, AUC and loss metrics. However, the results were
modest in terms of performance on the measures of accuracy and recall. The reason according to our
analysis was the inequality of weight for each class, so it may cause a conflict in the classification of
the two classes. When comparing our results with those of other models, we got good results on most
metrics, except for recall. Finally, we can also say that the proposed approach was able to outperform
many models used in previous studies in terms of reaching stable performance and among these
studies that reached fluctuating performance regardless of the results as values are [22]-[24], [27] and
[44]. In addition, the results have a small loss rate and the difference was obvious compared to the two
studies [26] and [2], which had an error rate of more than 1.00.

Despite that the proposed approach gave promising results compared with the state-of-the-art
approaches, it has some limitations, such as:

e The used database consists of X-ray images of children between 1 and 5 years old, which may
make the approach not comprehensive for other age groups.

e The process of parameter setting for the pre-activation ResNet model is performed
experimentally to choose the most appropriate parameters.

5. CONCLUSIONS

Al applications have proven their efficiency in the early diagnosis of many diseases, which
contributed to saving the lives of many patients. In this study, we proposed an approach by merging
different deep-learning models to extract features from CXR images for the automatic detection of
pneumonia disease. Two models are proposed: pre-activation ResNet and pre-trained DenseNet169.
Most of the previous researchers focused on highlighting numerical results without considering the
estimate of performance in the performance curve in the training and validation stages, while our focus
in this research was more on combining the stability of the performance curve in addition to the
numerical values of the performance measures. The proposed approach has obtained a well-stable
curve compared with those obtained by many previous studies [19] and [22]. As numerical results, we
achieved a precision of 98%, an AUC of 97% and a loss of 23%, while the performance was modest in
terms of recall and accuracy. From the findings of the proposed approach, we conclude the following
points:

* The nature and distribution of data have a significant impact on the performance of the model and
each type of data has its own appropriate way to deal with.

* The type of optimizer used may increase the quality and stability of the model's performance or
vice versa. It was evident in the results that the model became more stable when applying the SGD
optimizer compared to its performance with the Adam optimizer.

* Reducing the number of layers or blocks in the pre-activation ResNet model contributes to stability
and better results as well.

* The more stable the performance curve, the more assured its performance.

* Evaluating the performance of the model based on the final results of the performance measures as
numbers alone is not sufficient to prove the quality and effectiveness of the model.

* The proposed approach was able to outperform those used in many previous studies, to which we
dedicated a special section.

* Since the size of the proposed dataset was not sufficient to achieve satisfactory results, we had to
redistribute it again. The distribution was also unbalanced and we handled it in two ways: category
weighting and re-sampling as the data increased.

* The proposed approach was able to obtain a more stable performance curve than those obtained in
many previous works, as detailed in the discussion section.

For future work, we suggest applying the proposed approach to data on COVID-19 pandemic and to
integrate ResNet pre-activation with other CNN models.
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