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ABSTRACT Pneumonia is an acute respiratory infection that has led to significant deaths of people
worldwide. This lung disease is more common in people older than 65 and children under five years old.
Although the treatment of pneumonia can be challenging, it can be prevented by early diagnosis using
Computer-Aided Diagnosis (CAD) systems. Chest X-Rays (CXRs) are currently the primary imaging tool
for detection of pneumonia, which are widely used by radiologists. While the standard approach of detecting
pneumonia is based on clinicians’ decisions, various Deep Learning (DL) methods have been developed for
detection of pneumonia considering CAD system. In this regard, a novel hybrid Convolutional Neural
Network (CNN) model is proposed using three classification approaches. In the first classification approach,
Fully-Connected (FC) layers are utilized for the classification of CXR images. This model is trained for
several epochs and the weights that result in the highest classification accuracy are saved. In the second
classification approach, the trained optimized weights are utilized to extract the most representative CXR
image features and Machine Learning (ML) classifiers are employed to classify the images. In the third
classification approach, an ensemble of the proposed classifiers is created to classify CXR images. The
results suggest that the proposed ensemble classifier using Support Vector Machine (SVM) with Radial Basis
Function (RBF) and Logistic Regression (LR) classifiers has the best performance with 98.55% accuracy.
Ultimately, this model is deployed to create a web-based CAD system to assist radiologists in pneumonia
detection with a significant accuracy.

INDEX TERMS Pneumonia, Chest X-Ray; Deep Learning; Convolutional Neural Network; Visual
Geometry Group; Machine Learning

I. INTRODUCTION

Pneumonia is a lung disease that is caused by acute
respiratory infection. Pneumonia causes reduced oxygen
intake and painful breathing [1]. Although pneumonia can

the United States every year [4]. This disease can affect
people everywhere globally, but it is most common in South
Asia and Sub-Saharan Africa [1]. According to WHO,
exposure to air pollution has led to 45% and 28% of all

affect people at any age, it is more common in people older
than 65 and children under five years old [2]. According to
World Health Organization (WHO), pneumonia is
responsible for 14% of all deaths in children under five years
old, causing 740,180 deaths in 2019 [1]. Pneumonia is also
estimated to kill about 11 million children by 2030 [3].
Further statistics indicate that almost one million
pneumonia-infected people older than 65 are hospitalized in
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pneumonia deaths in adults and children, respectively [5].
Moreover, bacteria, viruses, and fungi are the three most
common causes of pneumonia [1]. As a noteworthy example,
the widespread Coronavirus Disease known as COVID-19 or
SARS-CoV-2 is regarded as a common cause of viral
pneumonia [6]. There are some variables to differentiate
viral and bacterial pneumonia, including but not limited to
age, history of disease, and response to antibiotic treatments.
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Viral pneumonia often occurs in children under five years
old and has a slow onset; while bacterial pneumonia is more
common in adults and has a faster onset [7]. Although the
treatment of pneumonia can be challenging, it can be
prevented with modest treatments and cured with low-cost,
low-tech medication and care [1]. Therefore, there is an
urgent need to develop diagnostic tools in order to reduce
pneumonia-related mortality, particularly in children and old
people.

Some popular tools to evaluate the presence of pneumonia
in a person are Chest X-Ray (CXR), Computed Tomography
(CT) of the lungs, ultrasound of the chest, Magnetic
Resonance Imaging (MRI) of the chest, and needle biopsy of
the lung [8]. Medical X-rays are electromagnetic radiations
that have higher energy than visible light and can penetrate
through most objects. Compared to CT images, X-rays are
less expensive, take less time to obtain, and cause lower
radiation exposure [9]. Furthermore, in comparison to MRI,
X-rays are much less expensive, more available and quickly
accessed by radiologists [10]. Currently, CXRs are
considered the best standard tool for detecting pneumonia,
which can distinguish pneumonia from other lung infections
and diseases [11]. The use of Machine Learning (ML) and
Deep Learning (DL) is growing significantly. ML and DL
methods have shown outstanding performance in healthcare,
especially medical image analysis [12]. ML- and DL-based
methods can be used to create Computer-Aided Diagnosis
(CAD) systems to assist physicians and radiologists in
medical decision-making [13]. It has been shown that CAD
systems can perform on a par with or better than radiologists
in terms of sensitivity and specificity [14]. Additionally,
CAD-assisted radiologists have indicated a higher
classification accuracy, compared to unassisted radiologists
in interpretation of CXR images [15]. Radiologists identify
the image parameters to make a clinical decision, while ML-
and DL-based CAD systems can also assess the importance
of the image parameters to provide a clinical decision.
Moreover, radiologists rely on their prior definition of
discriminative features to classify the images, while CAD
systems perform feature discrimination without any prior
definition by experts and radiologists. In some cases, a
disease may share common features with other diseases,
making the process of diagnosis challenging to radiologists.
CAD systems can solve this issue by identifying the features
of disease in an efficient way [16]. It is also notable that CAD
systems can be much faster than an experienced radiologist
in analyzing medical images [14].

In the past recent years, Convolutional Neural Networks
(CNNSs) have shown a great potential in image classification
and segmentation and are widely utilized for creating DL-
based CAD systems. While some studies have analyzed the
binary classification of normal and pneumonia images, other
research studies have also studied the multi-class
classification of normal images and different types of
pneumonia, including viral and bacterial pneumonia
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infections. Fernandes et al. [17] proposed a Bayesian CNN-
based method, based on Visual Geometry Group 16
(VGG16) to detect pneumonia. Dey et al. [18] used a
customized VGG19 architecture and five classifiers,
including linear Support Vector Machine (SVM), SVM-
Radial Basis Function (RBF), K-Nearest Neighbors (KNN),
Random Forest (RF), and Decision Tree (DT) to detect
pneumonia. Rajaraman et al. [19] proposed a novel method
for locating the Region of Interest (ROI), using customized
models of VGG16, sequential CNN, Residual CNN, and
Inception CNN for detection of pneumonia. Jain et al. [20]
used six models, including two custom-designed models,
VGG16, VGG19, ResNet50, and InceptionVV3 to detect
pneumonia cases. There have also been other research
studies that have proposed custom-designed CNNs for
detection of pneumonia [21-23]. Kermany et al. [24]
proposed an Artificial Intelligence (Al) system based on a
transfer learning framework for detecting pneumonia cases.
Rahman et al. [25] used four CNN models, including
AlexNet, ResNet, DenseNet, and SqueezeNet with transfer
learning for pneumonia detection. Zhang et al. [26] proposed
a straightforward VGG16-based model architecture with
fewer layers for pneumonia detection.

Although various studies have analyzed CNN frameworks
for pneumonia detection, to the best of authors’ knowledge,
not a single study has considered using a hybrid VGG-based
CNN maodel for detection of pneumonia. As hybrid methods
can better handle incomplete data [27] and improve the
model’s computation, robustness, functionality, and
accuracy [28], using a hybrid CNN model for detection of
pneumonia is of a significant importance. Moreover, none of
the previous studies have implemented a CAD system for a
reliable and accurate detection of pneumonia. In order to
address these research gaps, the current study has proposed
a hybrid CNN model, combining two popular CNN models.
For this purpose, the features obtained using VGG16 and
VGG19 networks are concatenated to create a new hybrid
VGG-based CNN model. Deep feature concatenation is an
effective way of improving classification process in CNN
models and provides multiscale information of input images
[29, 30]. To classify CXR images, three approaches are
utilized. In the first approach, we have designed the proposed
hybrid CNN model with Fully Connected (FC) layers and
trained the hybrid model for a defined number of epochs and
updated the weights of the model using backpropagation
process and saved the best-performing weights. In the second
approach, we have loaded and utilized the saved optimized
weights to extract CXR image features and trained five ML
classifiers for classifying CXR images. To the best of
authors’ knowledge, none of the previous studies has
deployed such weight utilizing approach for classifying the
images. In the third approach, the trained classifiers obtained
in the first and second classification approaches are
employed to create an ensemble classifier, which takes the
class probabilities attained by those classifiers and assigns a
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weight to each of them in such a way that the highest
classification accuracy is produced. Ultimately, in this study,
a CAD system based on the most accurate trained model is
designed to detect pneumonia cases.

The remainder of this research study is structured as
follows: Section Il presents a brief overview of the
fundamentals of the research methodology including CNN,
ML models and the proposed hybrid CNN model. Results
and findings of computations and calculations using the
proposed hybrid CNN model are presented in section IlI.
Finally, the concluding clarifications and guidelines for
future research are presented in Section IV.

IIl. METHODS AND MATERIALS FUNDAMENTALS

A. CONVOLUTIOANL NEURAL NETWORK (CNN)

Neural networks (NNs) are a type of non-linear statistical
data modeling tool based on densely connected nodes that
can simulate complicated input-output interactions [31].
Feed-forward NNs (FNNSs) are a type of NNs in which the
decision flow is unidirectional, flowing from the input to the
output in loop-free consecutive layers [32]. Accordingly,
CNNs are considered as a type of FNNs [33]. CNNs are one
of the most used DL methods that have demonstrated
excellent results on the ImageNet Large Scale Visual
Recognition Competition 2012 (ILSVRC2012). The
application area of CNNs is significant e.g., classification,
segmentation, and Natural Language Processing (NLP) [34].
CNNs have widely been utilized in medical imaging,
showing promising results on medical image classification
and segmentation [35, 36]. The architectures of CNNs are
based on various building blocks, including convolution
layers, pooling layers, and Fully-Connected (FC) layers. The
role of convolution layers is feature extraction and usually
consist of a mixture of linear and nonlinear operations, i.e.,
convolution operations and activation functions. The
parameters of convolution layers are kernels and the
hyperparameters of convolution layers which includes kernel
size, number of kernels, stride, padding, and activation
function. The formula of convolution operations is presented
in (1) [37].

Opqr = FW' L4 + b;) @)

where 0; q.r epresents the output feature map of location (p,
q) for rth kernel in layer I, W, is the values of weight vector
of rth kernel in layer I, 152! denotes the input vector of
location (p, q) in layer I-1, and b. is representative of bias for
rth kernel in layer I. Moreover, f(e) is the activation function
[37]. Pooling layers perform down-sampling operation and
reduce dimensionality of feature maps. While pooling layers
do not include any parameters, they consist of some
hyperparameters, including stride, padding, and filter size.
Max pooling and global average pooling are two popular
types of pooling layers. In Max pooling, patches are
extracted from the feature maps and the maximum value in
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each patch is selected as the output. In global average
pooling, a feature map is converted into a 1 X 1 array by
calculating the average of all elements in the feature map
[34]. The output dimension after conducting a
convolution/pooling operation in a CNN is calculated using

(2) [38].
= =22 41 @)

where n denotes the input dimension, f is the kernel/filter
size, p indicates the padding size, and s is representative of
stride size.

The feature maps of the final convolution or pooling layers
are flattened and passed to a number of one-dimensional
(1D) vectors, called FC layers or dense layers. The final FC
layer has a number of nodes, equal to the number of classes
in a specific classification task. The parameters of FC
parameters are weights and the hyperparameters of FC layers
include the number of weights and activation function.
Rectified Linear Unit (ReLU) is the most used activation
function for FC layers, which is presented in (3) [34].

f(x) = max(x,0) (3)

It should be noted that the activation function of the last
FC layer is typically sigmoid for binary classification and
SoftMax for multi-class classification [34]. The node values
in the last FC layer ina CNN can be calculated using (4), and
the sigmoid activation function for a binary classification
problem is demonstrated in (5) [39].

=wlh+b (4)
Py =1|x) = (%)

where h denotes the internal calculations of layers in NN, b
indicates the bias, and w is representative of weights for
calculating the value of an output node. In addition, y and x
represent the output class and input vector, respectively. The
SoftMax activation function for a multi-class classification
problem is presented in (6) [39].

1
1+exp(-z)

exp(fy)

PO =525

(6)
where y denotes the class in a multi-class classification
problem and x represents the input vector. Moreover, f.
shows the cth element of the vector of class scores in the last
FC layer. In SoftMax activation function, the class k with the
biggest P value is selected as the output class [34]. Figure 1
illustrates a comprehensive graphical overview of a CNN
architecture for feature extraction and classification
purposes. In the training process of a CNN, the weights of
convolution layers and FC layers are updated using
backpropagation algorithm. The loss function and Gradient
Descent (GD) are the two fundamental components of
backpropagation, where the loss function is minimized using
GD. The Cross-Entropy (CE) loss function is one of the most
used loss functions in CNNs. Accordingly, the CE loss

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2022.3182498

IEEEAccess

Multidisciplinary : Rapid Review : Open Access Jou

Feature Maps

Feature Maps
A

The Last FC Layer
O (The number of nodes is equal
' to the number of classes).

Input (Image) i

Convolution Layer Pooling Layer

Featre Extraction
(Several Convolution and Pooling Layers)

FIGURE 1. An overview of a CNN architecture.

function for a binary classification problem with sigmoid
activation function can be computed as demonstrated in (7)
[39].

L= 5t

where z is calculated according to (4). For a multi-class
classification problem with SoftMax activation function, the
CE loss function can be formulated as (8) [39].

~log (ZE:l exp(fe)

)+ (=) log (22| (7)

1+exp( z) 1+exp(-2z)

1yn
L_N i=1

®)

where N is the number of training points, yi denotes the class
of ith input image, and f. shows the cth element of the vector
of class scores in the last FC layer [39]. It is notable that
SoftMax can also be deployed as an activation function for a
binary classification problem.

Gradient Descent (GD) is a way of minimizing an
objective function J(6) which is parametrized by 8. GD has
three variants, including batch GD, Stochastic GD (SGD),
and mini-batch GD. In batch GD, each parameter is updated
for all the training samples in the dataset using (9). In
contrast to batch GD, SGD conducts parameter update for
each training sample in the dataset. In mini-batch GD,
parameter update is performed for a mini-batch of n samples
in the dataset. The formulas of SGD and mini-batch GD are
presented in (10) and (11), respectively. In these equations,
6 denotes the learnable parameter, J(8) represents the
objective function that has to be minimized, n is the learning
rate, and V,J(8) shows the gradient of the objective function
with respect to parameters 8 [40].

0:=0—1.VJ(6;x®;y®) (10)
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SGD conducts frequent, high-variance updates, causing
the objective function to fluctuate significantly. The
variability of SGD allows it to reach new and possibly better
local minima. It is also notable that mini-batch GD is most
often called as SGD [40]. There are also other optimizers for
updating the parameters of NNs or CNNs, such as adaptive
optimizers, but it has been shown that SGD usually
outperforms adaptive optimizers in terms of generalization
on the test set [41].

1) VISUAL GEOMETRY GROUP (VGG)
ARCHITECTURES

Visual Geometry Group (VGG) is a classical CNN
architecture that uses 3 x 3 convolution kernels to extract
features. VGG16 and VGG19 are two types of VGG
architectures that include 13 and 16 convolution layers,
respectively. There are also five 2 x 2 pooling layers and
three FC layers in both VGG16 and VGG19 architectures.
Therefore, there are a total 16 and 19 layers in VGG16 and
VGG19 networks without considering pooling layers,
respectively. These layers are arranged in five blocks, each
of which start from a convolution layer to a max pooling
layer. The first two FC layers of these two networks contain
4096 nodes and the last one consists of 1000 nodes, which
represents the number of classes in the ILSVRC2014. The
last FC layer of these two networks can be changed
according to the number of available classes in a specific
classification problem. The last layers of feature extraction
in VGG16 and VGG19 networks are the 13th and 16th
convolution layers, respectively. These two networks extract
the features with a dimension of 7 x 7 x 512, where the first
two numbers (7) represent the width and height, respectively,
and the third number (512) denotes the depth of the output
feature map. The input image size for these networks is also
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224 x 224 pixels [42]. Figures 2 and 3 portray the
architectures of VGG16 and VGG19 networks, respectively.
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FIGURE 2. The architecture of VGG16 network.
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FIGURE 3. The architecture of VGG19 network.

2) TRANSFER LEARNING

In transfer learning, a network that has been trained for one
task is used as the starting point for solving another problem.
Accordingly, rather than going through the lengthy process
of training a network with randomly initialized weights, pre-
trained networks are utilized as the starting point for some
specific classification tasks in transfer learning. The core
premise of the transfer learning is that the filters generated
by convolution layers of CNNs can be helpful for a wide
range of image identification tasks, not only the ones for
which they were initially trained [43]. ImageNet [44] is a
database of more than 14 million images from 21841
categories that has been used to train different CNN
architectures. As an example, there are pre-trained VGG16
and VGG19 architectures that have been trained on the
ImageNet which can be used in different classification tasks.
A graphical representation of transfer learning has been
conceptualized in Figure 4.

‘Target Classes
‘Source Classes (c.g.. Normal and
Poecumonia)
A A
Source Model auinato »| Target Model
i {
L
Small Dataset
Somee Dutisct (e-2.. CXR Images
(ImageNet) Dataset)

FIGURE 4. The idea of transfer learning.

Pan and Yang [45] proposed a transfer learning framework
based on domain, task, and marginal probability. D is a
domain consisting of feature space y and a marginal
probability P(X), where X denotes a dataset of n
samples(X = {x;,x,,...,x,} € ¥). A domain D can be
defined as (12), where y denotes the space of all vectors and
X indicates a learning example with n samples. For a given
domain, a task T is defined as (13).
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D = {x,P(X)} (12)
T={PYIX)}={ LY ={n .. by EY (13)

where y shows the label space and ¢ is representative of a
predictive function that has been trained using feature
vector/label pairs (1, 31), where x; € y and y; € y. It should
be noted that ¢(x;) = y;, where ¢p makes label predictions
for each feature vector. The purpose of transfer learning is to
improve the learning of a predictive function ¢, for a given
target domain Dt and learning task T+, using a source domain
Ds and learning task Ts, where Dg # D, and Tg # Tr.

3) OVERFITTING IN COLVOLUTIONAL NEURAL
NETWORKS

Overfitting refers to a state that there is a large gap between
the training loss and test loss. In overfitting, the network
learns feature maps that perform well on the training set,
while perform poorly on the test set. Therefore, a much
higher test loss will lead to training loss in the presence of
overfitting during the training process [46]. Although
overfitting is not completely avoidable, there are some ways
to solve this problem in CNNs. Dropout regularization, early
stopping, and image augmentation are three common ways
that are used to tackle this problem during training the
networks. Early stopping is a regularization strategy that
terminates training, when updates of the weights do not
provide further improvements on the test set. In this regard,
throughout the training, the current best weights are saved
and when updates of the weights no longer generate an
improvement after a certain number of iterations, training
process will be stopped and the previous best values will be
used [47]. Dropout regularization was introduced in 2014. It
refers to removing a unit from the network, together with all
of its incoming and outgoing connections. In the most basic
case, each unit is kept with a fixed probability p. The p value
is usually set at 0.5, which has shown to be optimal for a wide
range of networks [48]. Image augmentation is also another
technique to prevent overfitting by increasing the number of
images in the training set using some operations, including
but not limited to shearing, zooming, rotation, and flipping
[49].

B. MACHINE LEARNING (ML) CLASSIFIERS

1) K-NEAREST NEIGHBORS (KNN)

K-Nearest Neighbors (KNN) is an ML classification
algorithm that performs the classification task by calculating
the distance between a given sample and all the training data.
Accordingly, the given sample is assigned with a label based
on the majority voting on the labels of the K selected nearest
neighbors. Considering a training set D and a test object z =
(x',y") with x" as the data pointand y’ as its associated class,
KNN algorithm measures the distance between z and all the
points (x,y) € D, where x is the data belonging to the
training set and y denotes its corresponding class. After
obtaining the K nearest neighbors list Dz, the test object is
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assigned with the majority class of its nearest neighbors
according to (14) [50].

y' = argmax ¥ pyep, IV = y;) (14)
v

where v denotes a class, yi indicates the class of ith nearest
neighbor, and I(e) represents an indicator function that is
equal to 1, when its expression is true and otherwise, it is 0.

Setting an optimal K has a significant impact on the quality
of results. For example, a very small K value makes the result
sensitive to noise points and if it is too large, the list of
nearest neighbors contains many data points from other
classes. The distance measurement is another critical issue in
developing a KNN algorithm. Euclidean distance is one of
the distance measurement functions for constructing a KNN
classifier [50]. The Euclidean distance function is
demonstrated in (15) [51]. m = (M, My, ..., mp) and n = (ny,
Ny, ..., np) represent two data points with p features.

d(m,n) = \/(ml —ny )%+ 4+ (mp - np)z (15)

2) LOGISTIC REGRESSION (LR)

Logistic Regression (LR) is an ML classification algorithm
that predicts a binary output variable based on some
explanatory variables. LR can also be generalized to multi-
class classification tasks. The binary LR algorithm is
presented in (16) [52], where P is the probability of the
output variable/class 1, given an input vector x =
(x4, x5, ..., Xy )With n features.

1
1+e—(Bo+tB1x1+B2x2++Bnxn)

PY=1X=x) =
1
1+~ (BotZBixp)

(16)

3) NAIVE BAYES (NB)

Naive Bayes (NB) is an ML classification algorithm that uses
feature vectors and class prior probabilities to predict the
output class as presented in (17) [53].

p(X = x|C = i)+P(c=D)

P(C=ilXx=x)= s

A7)

where C is representative of the output class and x =
(x4, x5, ..., x,), Which denotes the set of all features taken
form a domain 2 = D, * ...* D,,. To simply the calculation
of P(X = x|C = i) in NB classifier, the features are assumed
to be independent in the dataset and hence, the probability is
calculated as demonstrated in (18) [53].

P(X =x|C =0 =[I-,P(xI|C =) (18)

The class with the greatest probability is selected as the
predicted class of an input vector in NB algorithm. The term
P(X =x) is identical for each class in NB classifier.
Therefore, it can be ignored and the final classification
formula is presented as (19) [53].
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C*'(x) = argmaxP(X =x|C =i) X P(C =1) (19)

Gaussian NB is a type of NB algorithm that works based
on the assumption that the features of the dataset follow a
Gaussian distribution. The probability density function of a
conditional Gaussian distribution is presented as (20) [54],
where p,, and o are estimated by calculating the maximum
likelihood.

P(uly) = F=exp (- 2551 (20

20
chry y

4) RANDOM FOREST (RF)

Random Forest (RF) is an ensemble learning-based ML
algorithm that creates an ensemble of Decision Trees (DTs)
[55] with nodes and leaves through which a prediction is
performed, given an input variable. In DT, each node
contains a question about a single feature of an input item
that is connected to a child node by a path, which represents
an answer to the top/parent node. An item is classified
throughout the path from the topmost node to a node without
children, which is called a leaf. Each leaf represents the
output class in DT. To construct a DT, an impurity measure
called Gini index is utilized as demonstrated in (21) [56].

I=1-%Z,pf (1)

where pi (i = 1, 2, ..., m) is the fraction of the set of items
related to an answer that belong to class i. To constructa DT,
a question is selected that minimizes the weighted average
impurity of the child nodes, associated with a parent node. In
this regard, the possible k answers of a question that divide
the set E into k subsets are considered to calculate the
weighted average impurity, which is calculated as presented
in (22) [56].

B
wi =2, (2)1(5) (22
where E; denotes the subset j of E. Moreover, |E| and |E;|
represent the size of E and Ej, respectively. In RF, each DT
is established using a subset of the training data with a
random number of selected features. Each DT predicts the
class of an input as a base classifier and the output class is
selected based on the majority voting of the predictions
performed by DTs [55].

5) SUPPORT VECTOR MACHINE (SVM)

Support Vector Machine (SVM) is a classification algorithm
that conducts classification by constructing a hyperplane that
maximizes the margin between the classes. To train an SVM,
a set of samples is required, where each sample is
represented as a pair (i, yi). Xi is representative of an input
vector and y; denotes its corresponding class label.
Considering a training set S = [(xy, y4), ..., (x;, y)], where
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x; € R% and y; € [+1, —1]. The separating hyperplanes for
the two classes are calculated according to (23) [57].

yiwlix;+b)=1-§,vi=1,..,1 (23)

where &; are non-negative stack variables for data points that
not completely satisfy the constraints. Using Lagrange dual,
the final SVM optimization problem is presented as (24) to
(26) [57].

1
max — ;Zf,j=1 aiajyiyjK(xi'xj) + 2 (24)
Zf=1 a;y; =0 (25)
0<aq <CVi=1,..,1 (26)

where K (x;,x;) denotes the kernel function, a; represents

the Lagrange multipliers, and C < oo is a penalty parameter.

It is also notable that a; # 0 only for support vectors xi. For

a linearly separable case, a linear kernel is utilized as

presented in (27) [57].

Linear:K(x;, x;) = x[ x; 27
The optimal weight vector and Kuhn-Tucker condition are

presented in (28) and (29), respectively [57].

w* =3l aiyix (28)
* *T *

ai[yi(w xi+b)—1+fi]=0 (29)

The optimal hyperplane in SVM is calculated as
demonstrated in (30) [57].

fO0) =Xk afyiK(x, %) + b° (30)
Finally, the decision function is defined as (31) [57].
C(x) = sign(Tl, ajyK(x;, x) + b*) (31)

Polynomial and RBF kernels are two of the most used
kernel functions for non-linearly separable classes in SVM.
The formulas of these two kernel functions are demonstrated
in (32) and (33) [57], where r and y represent the

hyperparameters of polynomial and RBF kernels,
respectively.

Polynomial: K (x;, %) = (xIx; + 1) ,r € Z* (32)
afly(w'x, +b*)—1+&]=0 (33)

IIl. PROPOSED METHODOLOGY

The current research study proposed a new hybrid CNN
model, using VGG16 and VGG19 networks as feature
extractors to classify CXR images. In this hybrid CNN
model, first, the features of CXR images are extracted using
VGG16 and VGG19 networks. Then, the extracted features
are concatenated and utilized to classify CXR images. In this
regard, three classification approaches are employed. In the
first classification approach, the proposed hybrid CNN
model is utilized with FC layers and SoftMax activation
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function for the last FC layer to perform the classification. In
the second classification approach, the concatenated features
are deployed as the input of different ML classifiers. In the
third classification approach, the classifiers obtained in the
first and second approaches are assigned a weight and the
probabilities are summed to calculate a new probability
vector to classify CXR images accordingly. In this study,
both VGG16 and VGG19 networks accept the same input
images with a dimension of 224 x 224 pixels in parallel and
combine the features of CXR images. Both VGG16 and
VGG19 networks extract the features with a dimension of
7 x 7 x 512 in their last layer of feature extraction, where
the first two numbers (7) represent the width and height of
the output feature map, respectively, and the third number
(512) indicates the depth of the output feature map. The
extracted features of VGG16 and VGG19 networks are
concatenated and hence, an output with a dimension of
7 x 7 x 1024 is achieved. These concatenated features are
flattened to form a 1D vector, consisting of 50176 nodes.

To utilize FC layers in the proposed hybrid CNN model,
the flattened features are connected to an FC layer containing
4096 nodes. This FC layer is connected to another FC layer
with 4096 nodes and finally, the network is connected to two
nodes, representing the normal and pneumonia classes. To
get the most significant CXR image features, first, the image
augmentation techniques are performed on the training set
and the proposed hybrid CNN model with FC layers is
trained for several epochs using SGD optimizer and the best
weights that provide the highest test accuracy for
classification of CXR images are saved. Conclusively, these
weights can be deployed to get the most representative
features of a new input image and predict its class with a
significant accuracy. The architecture of the proposed hybrid
model with FC layers and SoftMax activation function is
depicted in Figure 5. The details of the proposed hybrid CNN
model with FC layers, including the output shapes of the
feature maps after each convolution/pooling layer, the
number of parameters in each layer, and the total number of
parameters are also presented in Table 1.

To employ ML classifiers in the proposed hybrid CNN
model, first, the features of CXR images in the original
training set are extracted using VGG16 and VGG19
networks, based on the saved optimized weights of the
trained hybrid CNN model with FC layers. As these weights
extract the most representative CXR image features, this
weight utilization is conducted to construct robust ML
classifiers with a significant classification performance.
Then, these extracted features are concatenated and flattened
to be used as the input of different ML classifiers, including
KNN, LR, NB, RF, and SVM. The architecture of the
proposed hybrid CNN model with ML classifiers is
illustrated in Figure 6, where the three FC layers in the first
classification approach have been replaced with ML
classifiers. A pseudo-code of the proposed method is
presented in Algorithm 1. According to Algorithm 1, the
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FIGURE 5. The architecture of the proposed hybrid CNN model with FC layers.
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FIGURE 6. The architecture of the proposed hybrid CNN model with ML classifiers.

inputs are the training and test sets. Then, the hybrid CNN
model with FC layers is trained using the training set and the
performance is evaluated using the test set Accordingly, ML
classifiers in the hybrid CNN model with ML classifiers are
trained using the features extracted by the saved optimized
weights and finally, the best-performing model is selected
for making predictions.

A. DATA PRE-PROCESSING

The dataset used in this study was a public CXR dataset
provided by Kermany et al. [58] which includes 5856 CXR
images. These images include either normal or pneumonia
classes. There are 1583 images fit in normal class and 4273
images fit to pneumonia class in this dataset. The pneumonia
class involves images of viral and bacterial pneumonia,
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which are all categorized as pneumonia class. To use this
dataset for training the hybrid CNN model with FC
layers/ML classifiers, 80% of the data was used for training,
and the rest of 20% was utilized as the test data. Due to an
unbalanced data, same proportion of images from each class
was selected. In this regard, 80% of all images in each of
normal and pneumonia classes were selected to create the
training set. Similarly, 20% of images in each of normal and
pneumonia classes were selected to create the test set. In
total, the training set included 1267 images fit to normal class
and 3419 images to pneumonia class. The test set consisted
of 316 images fit to normal class and 854 images to
pneumonia class. Examples of images fitting to normal and
pneumonia images are shown in Figure 7. Furthermore, the
statistics regarding the analyzed dataset are provided in
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TABLE 1. The details of the proposed hybrid CNN model with FC layers.

Shape of the Feature Map

Layer Type” (Width, Height, Depth) Parameters
Input (Parallel for both VGG16 and VGG19 networks) (224, 224, 3) 0
VGG16: Block 1-Convolution 1 (224, 224, 64) 1792
VGG16: Block 1-Convolution 2 (224, 224, 64) 36928
VGG16: Block 1-Max Pooling (112,112, 64) 0
VGG16: Block 2-Convolution 1 (112,112, 128) 73856
VGG16: Block 2-Convolution 2 (112,112, 128) 147584
VGG16: Block 2-Max Pooling (56, 56, 128) 0
VGG16: Block 3-Convolution 1 (56, 56, 256) 295168
VGG16: Block 3-Convolution 2 (56, 56, 256) 590080
VGG16: Block 3-Convolution 3 (56, 56, 256) 590080
VGG16: Block 3-Max Pooling (28, 28, 256) 0
VGG16: Block 4-Convolution 1 (28, 28,512) 1180160
VGG16: Block 4-Convolution 2 (28, 28,512) 2359808
VGG16: Block 4-Convolution 3 (28, 28,512) 2359808
VGG16: Block 4-Max Pooling (14, 14,512) 0
VGG16: Block 5-Convolution 1 (14, 14,512) 2359808
VGG16: Block 5-Convolution 2 (14, 14,512) 2359808
VGG16: Block 5-Convolution 3 (14, 14,512) 2359808
VGG16: Block 5-Max Pooling (7,7,512) 0
VGG19: Block 1-Convolution 1 (224, 224, 64) 1792
VGG19: Block 1-Convolution 2 (224,224, 64) 36928
VGG19: Block 1-Max Pooling (112,112, 64) 0
VGG19: Block 2-Convolution 1 (112,112,128) 73856
VGG19: Block 2-Convolution 2 (112,112,128) 147584
VGG19: Block 2-Max Pooling (56, 56, 128) 0
VGG19: Block 3-Convolution 1 (56, 56, 256) 295168
VGG19: Block 3-Convolution 2 (56, 56, 256) 590080
VGG19: Block 3-Convolution 3 (56, 56, 256) 590080
VGG19: Block 3-Convolution 4 (56, 56, 256) 590080
VGG19: Block 3-Max Pooling (28, 28, 256) 0
VGG19: Block 4-Convolution 1 (28, 28, 512) 1180160
VGG19: Block 4-Convolution 2 (28, 28, 512) 2359808
VGG19: Block 4-Convolution 3 (28, 28, 512) 2359808
VGG19: Block 4-Convolution 4 (28, 28,512) 2359808
VGG19: Block 4-Max Pooling (14, 14,512) 0
VGG19: Block 5-Convolution 1 (14, 14,512) 2359808
VGG19: Block 5-Convolution 2 (14, 14,512) 2359808
VGG19: Block 5-Convolution 3 (14, 14,512) 2359808
VGG19: Block 5-Convolution 4 (14, 14,512) 2359808
VGG19: Block 5-Max Pooling (7,7,512) 0
Concatenation (7,7,1024) 0
Flattening 50176 (1D Vector) 0
FC Layer 1 4096 (1D Vector) 205524992
FC Layer 2 4096 (1D Vector) 16781312
FC Layer 3 2 (1D Vector) 8194

Total Parameters: 257,053,570

*The activation function of the convolution layers and the first two FC layers is ReLU. The activation function of FC layer 3 is SoftMax, which performs

the predictions.
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Table 2.

ALGORITHM |
A PSEUDO-CODE OF THE PROPOSED METHOD

Input: Training and test sets.

Output: A model for detection of pneumonia cases.

(1) Train the hybrid CNN model with FC layers for several epochs
using the training set.

(2) Save the weights that yield the highest test accuracy resulted in a
specific epoch.

(3) Employ the saved optimized weights to extract the features of CXR
images in the training set.

(4) Train ML classifiers, including KNN, LR, NB, RF, and SVM in the
hybrid CNN model with ML classifiers.

(5) Use the hybrid CNN model with FC layers and LR, NB, and SVM
classifiers to create an ensemble classifier and find the optimal weights.
(6) Calculate the test accuracy for each ML classifier and the ensemble
classifier.

(7) Select the model with the highest test accuracy.

(8) Use the final best-performing model for making predictions.

Pl !
(b) Pneumonia images
FIGURE 7. Examples of images in the used dataset.

TABLE 2. Description of the dataset

Category Training Set Test Set
Normal 1267 316
Pneumonia 3419 854
Total 4686 1170

Percentage 80.02% 19.98%

To train the hybrid CNN model with FC layers/ML
classifiers, some pre-processing operations were performed.
VGG networks require input images of 224 x 224 pixels
and hence, all the images in the training and test sets were
resized to 224 x 224 pixels. All the images in the dataset
contained pixel values in the range [0, 255] and hence, a
1./255 rescaling was employed to convert all the pixel values
of CXR images to the range [0, 1]. These two pre-processing
operations were the same for both classification approaches.
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1) THE PROPOSED HYBRID CNN MODEL WITH FC
LAYERS

To train the hybrid CNN model with FC layers, some
additional preprocessing operations were conducted.
Training a CNN requires a large dataset; otherwise, some
parameters may not be appropriately estimated and
accordingly, the CNN generalization will be poor. To tackle
this problem, some image augmentation techniques were
employed. The number of available images in the training
set would increase by performing these image augmentation
techniques on random samples of images. The used image
augmentation techniques included flipping, zooming, and
shearing. Examples of these augmentation techniques
performed on an image in the dataset are portrayed in

Figure 8.

a) Original image

(d) Zooming ]

(c) Shearing

FIGURE 8. The results of deploying various augmentation techniques
on an image.

To prevent overfitting in training the proposed hybrid
CNN model with FC layers, a dropout ratio of 0.5 was
deployed after each FC layer during the training process.
This means that 50% of the nodes are randomly
dropped/deactivated at each update of the training phase in
the network. These dropout layers are not available in the
original VGG16 and VGG19 architectures, which can cause
overfitting in some application cases and hence, the model
performance and generalization would be degraded. To train
the hybrid CNN model with FC layers, batches of 32 images
were created and mini-batch GD optimizer with learning rate
0.01 was utilized to update the weights. The initial weights
of the hybrid CNN model were set to ImageNet pre-trained
weights, which were all updated during the training process.
The loss function was set to binary CE and SoftMax
activation function was deployed for the last FC layer to
perform the classification. The hybrid CNN model was
trained for 20 epochs, using the Keras library of Python on a
Tesla K80 GPU with 12 GB RAM provided by Google
Collaboratory Notebooks [59]. During the training process,
the model checkpoint of the Keras library was utilized to
save the weights of the best-performing model until a
specific epoch based on the test accuracy. Therefore, the
weights of the best-performing model were gained at the end
of the training process. The hyperparameters, functions, and
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operations selected for training the hybrid CNN model with
FC layers are presented in Table 3. In addition, the overall
training process of the hybrid CNN model with FC layers is
shown in Figure 9.

TABLE 3. The hyperparameters, functions, and operations selected for
training the hybrid CNN model with FC layers.

Hyperparameters/Functions/Operations Status
Learning Rate 0.01
Batch Size 32

Optimizer SGD*

Loss Function Binary CE

Epochs 20
Horizontal Flipping Yes
Zoom Range 0.2
Shear Range 0.2

Rescaling 1./255

*To define mini-batch GD optimizer in the Keras library, the SGD
optimizer is selected with a batch size bigger than 1 (32 in this paper).

2) THE PROPOSED HYBRID CNN MODEL WITH ML
CLASSIFIERS

To train the proposed hybrid CNN model with ML
classifiers, CXR image features have to be extracted in the
first step. In this regard, the saved optimized weights of the
trained hybrid CNN model with FC layers were loaded and
utilized to train ML classifiers. This weight utilization was
performed to extract the CXR image features that best
represent the characteristics of the input CXR images to
create robust ML classifiers. These features were flattened to
be as the input of five ML classifiers, including KNN, LR,
NB, RF, and SVM to classify CXR images. The overall
training process of the hybrid CNN model with ML
classifiers is portrayed in Figure 10.

To train the hybrid CNN model with KNN classifier, first,
the hyperparameter K has to be defined. In this regard,
different odd values for K in the range [3, 50] were
considered and the KNN classifier was experimented using
these K values to select the one that produces the highest test
accuracy. Moreover, the distance measure was set to
Euclidean distance. To classify a new input image, the KNN
classifier uses an array of size 4686*50176, where 4686
stands for the number of extracted features of the images
belonging to the training set and the KNN classifier
calculates the distance of the extracted features of that input
image from those 4686 instances to select the K nearest ones.
To train the hybrid CNN model with RF classifier, an
ensemble of 100 decision trees was employed, using Gini
index as the impurity measure. To train the hybrid CNN
model with SVM classifier, linear SVM, SVM with
polynomial kernel, and SVM with RBF kernel (SVM-RBF)
were utilized. For all these three SVM classifiers, a penalty
parameter C = 1 was used. Moreover, the polynomial kernel
was utilized with degree 3 (r = 3) to construct the SVM
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classifier with polynomial kernel. To construct the SVM-
RBF classifier, the default value of the Keras library for y
was utilized, which is presented in (34).
_ 1

~ Nxvar(Xx)

14 (34)
where N is the number of training samples and Var(X)
denotes the variance of all the training data points. For
training the hybrid CNN model with NB classifier, Gaussian
NB was used with 0.5 as the prior probability for both normal
and pneumonia classes. Furthermore, a binary LR classifier
with intercept was deployed to train the hybrid CNN model
with LR classifier.

3) THE PROPOSED ENSMELBE CLASSIFIER

To train the proposed ensemble classifier, first, the trained
hybrid CNN model with FC layers and ML classifiers has to
be utilized to extract the features of CXR images in the test
set. Then, a weight Wy is assigned to the probabilities
obtained wusing the FC layers and ML classifiers.
Accordingly, a weighted sum of class probabilities is
calculated as presented in (35).

P1W1 +P2W2+"'+Pka=Pt (35)

where Py is a probability vector obtained by classifier k and
W\ denotes its corresponding weight, which is in the range
[0, 1]. Moreover, P; represents the calculated probability
vector. To create the proposed ensemble classifier, different
values of Wy were tested to get the setting with the highest
test accuracy. In total, there were six probability-based
classifiers in this paper, including FC layers, linear SVM,
SVM-RBF, polynomial SVM, LR, and NB, which were used
to establish the proposed ensemble classifier. In this process,
an array of size 1170*2 was obtained for each classifier,
where 1170 indicates the number of images in the test set and
2 denotes the class probabilities for the normal and
pneumonia classes. Accordingly, different set of weights
were experimented for these six classifiers to obtain the best-
performing ones in terms of the test accuracy.

B. FINDINGS AND RESULTS

In the current study, five performance metrics including
accuracy, precision, recall, specificity, and F1-score have
been reported to evaluate the performance of the models
using the test set. The accuracy of a model demonstrates its
overall effectiveness in identifying the actual positive and
negative classes and precision indicates the effectiveness of
the model in terms of predicting as belonging to positive
class. Moreover, recall and specificity indicate the
effectiveness of amodel in identifying the actual positive and
negative classes. In addition, F1-score provides an
appropriate blend of precision and recall for evaluating the
performance of a model. The values of these performance
metrics were obtained using confusion matrices. The general
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FIGURE 10. The training process of the proposed hybrid CNN model with FC layers.

form of the used confusion matrices in this study is presented
in Figure 11. The formulas of the performance metrics are
presented in (36) to (40).

True Negative False Positive
(IN) (FP)

Normal

True Class

False Negative True Positive

(TP)

Pneumonia

Normal Pneumonia

Predicted Class

FIGURE 11. A general confusion matrix for evaluating the performance
of the models.

TP+TN

Accuracy = TP+TN+FPLFN (36)
Precision = — (37)
TP+FP
Recall = —— (38)
TP+FN
e TN
Specificity = preva (39)
F1 — score = 2 x SrecistonxRecall (40)
Precision+Recall

where TP, FP, TN, and FN are true positive, false positive,
true negative, and false negative, respectively. TP shows the
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number of correctly classified images of pneumonia class,
TN denotes the number of correctly classified images of
normal class, FP stands for the number of wrongly classified
images of normal class, and FN represents the number of
images in pneumonia class, detected as belonging to normal
class. The test loss was also used as another performance
metric to assess the performance of the proposed hybrid
CNN model with FC layers. Training accuracy and training
loss were utilized to assess the performance of the model
during the training process. As mentioned earlier, the
selected loss function was binary CE.

The highest training accuracy in the proposed hybrid CNN
model with FC layers is 97.78%, which was brought about
in epoch 20. The trend of training accuracy with respect to
epoch number is shown in Figure 12.

The highest test accuracy in the proposed hybrid CNN
model with FC layers is 97.95%, which was appeared in
epoch 16. The trend of test accuracy with respect to epoch
number is plotted in Figure 13.

The trend of training loss with respect to epoch number for
the binary classification of normal and pneumonia cases for
the proposed hybrid CNN model with FC layers is shown in
Figure 14. The minimum training loss is 0.0647, which was
achieved in epochs 18 and 20.

The trend of test loss with respect to epoch number for the
proposed hybrid CNN model with FC layers is shown in
Figure 15. The minimum test loss is 0.0579, resulted in
epoch 16, where the model achieved the highest test
accuracy.

The training loss and test loss curves with respect to epoch
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number are illustrated in Figure 16. These curves indicate
that the training loss and test loss values have been close to
each other and there is not a huge gap between the training
and test losses (0.0772 vs. 0.0579) in epoch 16 and in the
overall training process of the model and hence, the model
has not overfitted the training set during the training process.

The confusion matrix of the hybrid CNN model with FC
layers is presented in Figure 17. The performance metrics
values of the proposed hybrid CNN model with FC layers are
also summarized in Table 4. This confusion matrix and the
performance metrics values are based on epoch 16, where the
model achieved the highest test accuracy. According to
Table 4, the proposed hybrid CNN model with FC layers has
a precision of 98.37%, a recall of 98.83%, a specificity of
95.57%, an F1-score of 98.60%, and an accuracy of 97.95%.
Moreover, the test loss is equal to 0.0579. This test loss is the
minimum test loss during the training process, which
provided the highest test accuracy. To analyze the superiority
of the proposed hybrid model with FC layers compared to
individual VGG architectures, VGG16 and VGG19
architectures were trained separately. The confusion
matrices of these two networks are presented in Figure 18
and Figure 19, respectively. Moreover, the performance
metrics are provided in Table 5 and Table 6. The VGG16
and VGG19 have an accuracy of 97.78% and 97.69%
respectively, which are both lower than that of the proposed
hybrid CNN model with FC layers. The proposed model has
also a better performance compared to both VGG16 and
VGG19 networks in terms of precision, recall, specificity,
F1-score, and test loss, which demonstrates the superiority
of the proposed hybrid CNN model.

Furthermore, the confusion matrices of the proposed
hybrid CNN model with ML classifiers are shown in Figure
20. The performance metrics of the hybrid CNN model with
ML classifiers are also summarized in Table 7. According to
the results provided in Table 7, the hybrid CNN model with
KNN classifier has the highest precision, recall, specificity,
F1-score, and accuracy compared to other models. These
performance metrics values were achieved by a K value of
13. The hybrid CNN model with KNN classifier has a
precision of 98.83%, a recall of 99.18%, a specificity of
96.84%, an F1-score of 99.00%, and an accuracy of 98.55%,
which is superior to the results of other ML classifiers. It is
notable the proposed hybrid CNN model with SVM-RBF
classifier has also a recall of 99.18%, which is equal to that
of the proposed hybrid CNN model with KNN classifier; but
in terms of other performance metrics, the KNN classifier
has superior performance. Subsequently, the hybrid CNN
model with SVM classifiers has an accuracy of 98.12%,
98.29%, and 98.29% for linear SVM, polynomial SVM, and
SVM-RBEF classifiers, respectively. The linear SVM and
polynomial SVM classifiers have an equal precision of
98.60%; while it is 98.49% for SVM-RBF classifier.
Similarly, the specificity for both linear SVM and
polynomial SVM classifiers is equal to 96.20%, while it is
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95.89% for SVM-RBF classifier. Moreover, the F1-score is
equal to 98.71%, 98.83% and 98.83% for linear SVM,
polynomial SVM, and SVM-RBF classifiers, respectively.

The hybrid CNN model with LR and RF classifiers has an
accuracy of 98.03% and 97.69%, and precision of 98.48%
and 97.80%, respectively. In terms of specificity, the RF
classifier has a specificity of 93.99%, which is 1.9% lower
than the specificity of LR classifier. Furthermore, the F1-
scores are comparable for these two classifiers being equal
to 98.65% and 98.43% for LR and RF, respectively.
Although the precision, specificity, F1-score, and accuracy
of LR and RF classifiers are lower that these performance
metrics values for SVM classifiers, but in terms of recall,
these two classifiers performed on a par with SVM
classifiers. The LR classifier has a recall of 98.83%, which
is equal to the recall of linear SVM classifier. In addition, the
RF classifier has a recall of 99.06%, which is equal to that of
polynomial SVM classifier. The proposed hybrid CNN
model with Gaussian NB classifier has a precision, recall,
Fl-score, and accuracy of more than 92%; but these
performance metrics values are lower than those for other
ML classifiers. Moreover, the Gaussian NB classifier has a
specificity of 77.85%, which means that a high number of
normal images are misclassified and detected as belonging
to pneumonia class by this classifier.

The proposed ensemble classifier demonstrated the best
results with a weight of 0.4 for SYM-RBF classifier and 0.1
for LR classifiers. Moreover, the weights of other classifiers,
including FC layers, linear SVM, polynomial SVM, and NB
classifiers were set to 0. The confusion matrix of the
proposed ensemble classifier has been presented in Figure
21. Moreover, the performance metrics have been analyzed
in Table 8. According to Table 8, the proposed ensemble
classifier has an accuracy of 98.55%, a precision of 98.72%,
a recall of 99.30%, a specificity of 96.52%, and an F1-score
of 99.01%. According to these results, the proposed
ensemble classifier indicates a higher recall compared to the
proposed hybrid CNN model with FC layers and all the ML
classifiers. This ensemble classifier has also an accuracy
equal to that of KNN classifier. Although the precision and
specificity of the proposed hybrid CNN model with KKN
classifier are higher than those of the ensemble classifier,
however, the recall of the ensemble classifier is higher than
that of KKN classifier. Moreover, the Fl-score of the
ensemble classifier, which combines the precision and recall
is slightly higher than the KNN classifier.

All the codes and calculations regarding the hybrid CNN
model are provided in a public GitHub repository [60].
According to the final results, the proposed ensemble
classifier outperforms the hybrid CNN model with FC layers
and ML classifiers in terms of accuracy, recall, and F1-score.
Although the hybrid CNN model with KNN classifier
indicated an accuracy equal to that of the proposed ensemble
classifier and has a higher precision and specificity,
however, the ensemble classifier has a higher recall, which
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TABLE 6. The performance metrics of the VGG19 network.
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classifier is slightly better than that of KNN classifier.

TABLE 5. The performance metrics of the VGG16 network. o A
Furthermore, the ensemble classifiers provide better

Perfo;,’pei?scizr']v'etr'c Resggs(;;'ue) generalization on the test set and reduce the classification
Recall 98.59% bias and/or variance [61]. Therefore, the proposed ensemble
Specificity 95.57% classifier was selected as the final best model. The proposed
;F\icicrzf:? gg-‘?‘ggjz ensemble classifier has been compared with existing studies
Test Loss (Binary CE) 0.0599 in the literature regarding the detection of pneumonia in
CXR images in Table 9. In these studies, a binary
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TABLE 7. The results of the hybrid CNN model with ML classifiers.

CNN Models with ML classifiers Precision (%0) Recall (%) Specificity (%) F1-Score (%) AC((:(%;ICY
CNN model with KNN classifier 98.83" 99.18 96.84 99.00 98.55
CNN model with LR classifier 98.48 98.83 95.89 98.65 98.03
CNN model with Gaussian NB classifier 92.27 97.89 77.85 95.00 92.48
CNN model with RF classifier 97.80 99.06 93.99 98.43 97.69
CNN model with linear SVM Classifier 98.60 98.83 96.20 98.71 98.12
CNN model with polynomial SVM classifier 98.60 99.06 96.20 98.83 98.29
CNN model with SVM-RBF classifier 98.49 99.18 95.89 98.83 98.29
* Bold numbers indicate superior performance
Confusion Matrix implementation of thi_s application are proyided on a public
200 Google collab repository [62]. The environment of the
- 50 implemented application is demonstrated in Figure 22. This
E - 305 n oo web application takes the input CXR image from the user. At
- that point, the features of CXR images are extracted using
@ 500 - - - .
E the saved optimized weights of the hybrid CNN model,
o - 400
=

- 200

Pneumonia
o

Pneumonia
Predicted Class

MNormal

FIGURE 21. The confusion matrix of the proposed ensemble classifier.

TABLE 8. The performance metrics of the proposed ensemble classifier.

Performance Metric Result (Value)

Precision 98.72%
Recall 99.30%
Specificity 96.52%
F1-score 99.01%
Accuracy 98.55%

classification of normal and pneumonia images has been
performed. According to Table 9, the proposed ensemble
classifier in this study has a very high recall, compared to
most of the recent studies. The accuracy, precision, and F1-
score of the proposed ensemble classifier are higher than
those of all the mentioned studies. It is also noteworthy that
the test set used in this study was bigger than the test sets
used in the compared studies, except in [18], and if more
images for each class were used in the training process, these
statistical measurements, as well as the generalization of the
model would improve.

Consequently, the results of the study suggest that the
proposed ensemble classifier can be utilized to aid
radiologists in a time-efficient medical decision-making for
pneumonia detection in CXR images with an accuracy of
98.55% and a recall of 99.30%. In this regard, this model was
deployed to implement a mobile phone web-delivered
application of pneumonia detection. In order to implement
this application, the saved optimized weights of the trained
hybrid CNN model with FC layers (the first classification
approach) were utilized to extract the features of an input
CXR image and then the saved SVM-RBF and LR classifiers
to create the proposed ensemble classifier and classify the
input CXR image. The instructions regarding the

VOLUME XX, 2017

which were gained in the first classification approach.
Therefore, the most representative CXR image features are
gained for the classification phase. Consequently, this web
application employs the saved SVM-RBF and LR classifiers
to create the proposed ensemble classifier and classify the
input CXR image with an accuracy of 98.55%.

C. DISCUSSIONS, IMPLICATIONS, AND LIMITATIONS
Machine Learning (ML) and Deep Learning (DL) methods
are one of the most effective tools that can assist physicians,
clinicians, and radiologists in various medical applications
and tasks. These methods can be utilized to establish CAD
systems to detect diseases at an early stage in order to
provide early treatments and reduce mortality rate in
patients. Due to the rapid expansion of lung diseases in
patients, there is an urgent need for early detection of lung
diseases. As a noteworthy example, the delayed detection of
widespread COVID-19 pneumonia can lead to a higher death
probability and need for a highly-intensive care in patients,
which can be prevented by early diagnosis [63]. In this
regard, CAD systems can be effective for early detection of
lung diseases. These systems can be much faster than an
experienced radiologist in CXR image analysis. When there
is a similarity between the features of diseases, CAD systems
can effectively distinguish those features which can be a
challenging task to radiologists. Therefore, CAD systems
based on ML- and DL-based methods, and especially state-
of-the-art CNN models can provide a more-informed and
reliable framework for real-world medical decision-making
by clinicians, radiologists, and healthcare experts.

There were some limitations in the current study. The first
limitation of this study was the number of images available
in the dataset. CNN models require large datasets with
thousands of images to increase the generalization of the
model. The generalization of the proposed hybrid CNN
model with FC layers/ML classifiers in this study would
improve by using a larger dataset with more images for both
the normal class and pneumonia class in the training process.
Moreover, the performance of the proposed hybrid CNN
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TABLE 9. Comparison of the proposed model with existing studies.

Model Total number of images Precision (%0) Recall (%) F1-score (%) Accuracy (%)
Jain et al. [20] 5840 - 98 94 92.31
Stephen et al. [22] 5856 - - - 93.73
Kermany et al. [24] 5856 - 93.2 - 92.8
Moujahid et al. [64] 5856 91 97 94 96.81
Shah et al. [65] 5856 97.2 98.1 97.6 96.6
Manickam et al. [66] 5229 88.97 96.78 92.71 93.06
Fernandes et al. [17] 5232 96.4 97.9 97.2 96.4
Dey et al. [18] 7150 95.02 - 96.27 97.94
Rajaraman et al. [19] 5856 97.7 96.2 97.0 96.2
Sousa et al. [23] 5232 - 99.7" - 95.3
Liang and Zheng [21] 5856 89.1 96.7 92.7 90.5
Saraiva et al. [67] 5863 - - - 94.4
Chouhan et al. [68] 5232 93.28 99.62 - 96.39
Rahman et al. [25] 5247 97 99 98.1 98
Zhang et al. [26] 5786 94.41 90.82 92.58 96.07
Hashmi et al. [69] 5856 98.26 99.00 - 98.43
Mamalakis et al. [70] 5233 98.31 98.12 98.21 -
The proposed ensemble classifier 5856 98.72 99.30 99.01 98.55

* Bold numbers indicate superior performance.

Pneumonia Detection in Chest X-Ray
(CXR) Images

This web application detects pneumonia cases with an accuracy of 98.55%.

Please Upload a CXR Image (JPG, PNG, JPEG, or JFIF Format)

Drag and drop file here

CXR Image.jpg x

Pneumonia

FIGURE 22. The environment of the implemented mobile phone web
application for pneumonia detection.

model with FC layers/ML classifiers would also improve by
deploying larger datasets. The second limitation is that there
is a need for developing techniques for specifying the regions
of infection in CXR images, combined with the proposed
models to assist radiologists for a more informed medical
decision-making.

VOLUME XX, 2017

IV. CONVLUSION
Pneumonia is a significant cause of death in children and
adults in the world. Pneumonia can be prevented with modest

treatments and cured with low-cost, low-tech medication and
care. In this study, a new hybrid VGG-based CNN model
was proposed to detect pneumonia in CXR images. In this
regard, three classification approaches were utilized. In the
first classification approach, the hybrid CNN model was
deployed with FC layers and was trained to gain the weights
that produce the highest classification accuracy. In the
second classification approach, the saved optimized weights
were employed to extract the most representative CXR
image features and five ML classifiers, including KNN, LR,
NB, RF, and SVM were utilized to classify CXR images. In
the third classification approach, an ensemble classifier
using the trained classifiers in the first and second
classification approaches was created. The best-performing
model was the proposed ensemble classifier using a weight
of 0.4 for SVM-RBF classifier and a weight of 0.1 for LR
classifier, which achieved an accuracy of 98.55%, a
precision of 98.72%, a recall of 99.30%, and an F1-score of
99.01%. This model had the best performance in terms of all
performance metrics, compared to the hybrid model with FC
layers and all the ML classifiers. Moreover, this model had a
superior performance, compared to existing algorithm within
the literature regarding the detection of pneumonia in CXR
images. Ultimately, a mobile phone web-delivered
application of pneumonia detection was designed using the
proposed ensemble classifier, which can assist radiologists
in pneumonia detection with a significant accuracy.

Even though this research study has accomplished the
research intentions, some limitations still exist. Hence,
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recommendations for future directions, developments, and
applications of the current study can be summarized and
demonstrated as follows. First, the performance of the
proposed hybrid CNN model can be further improved by
developing new robust classifiers for the classification
infection areas in CXR images using the radiologists’
knowledge and DL-based methods, along with the proposed
hybrid CNN model, a new framework can be established to
assist radiologists for a more informed and reliable medical
decision-making. Third, the performance of the hybrid CNN
model with FC layers can be improved by fine-tuning the
hyperparameters of the model, including the learning rate
and optimizer. Fourth, the hybrid CNN model with FC layers
can be utilized to create a weighted ensemble CNN model
using the pre-trained CNN models to increase the
classification accuracy. Fifth, the hybrid CNN model can be
deployed for classification of COVID-19 pneumonia and
other viral pneumonia types. Sixth, the hybrid CNN model
can be applied to other medical decision-making problems,
such as classification of other lung diseases and infections.
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