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Abstract: Obtaining an early and accurate diagnosis of pneumonia is crucial for enhancing the cure rate and reducing
the mortality rate. The interpretation of chest X-Rays is contingent upon the physician’s experience, potentially resulting
in bias and inaccurate diagnosis. A lot of previous studies focused on the improving the classification result as well
as the quality of digital Chest X-Ray datasets. This study area has promise for future advancement, focusing on the
classification of chest radiographs. To enhance the Chest Radiographs dataset of patients with lung disease, we proposed
employing a multistage deep transfer learning technique that integrates an updated Generative Adversarial Network
(GAN). A recommendation was given, and this was one of them. The proposal encompasses the execution of multi-
stage transfer learning, to be achieved by the utilization of Inception V3 and Xception, respectively. The classification
findings demonstrate a high level of competence, featuring an F1 score of 98.97%, an accuracy rate of 99.14%, a precision
rate of 98.80%, a recall rate of 98.34%, and an accuracy rate of 99.14%. Future studies may focus on enhancing dataset
quality and investigating methods to facilitate transfer learning by utilizing alternative combinations of learning models.
Both of these focal areas present potential opportunities for future research. The ultimate objective of this research is to
establish a society characterized by optimal health and well-being. This will be achieved by enhancing the healthcare
system in alignment with Saudi Vision 2030.

Keywords: classification, abnormalities, Deep Convolutional Generative Adversarial Network (DCGAN), chest radiograph
images, lung disease detection, data augmentation

MSC: 68T07, 68T45

1. Introduction

Artificial intelligence that is capable of deep learning has opened up new opportunities for medical image processing.
This technology has the potential to be utilized in an efficient manner for the detection and diagnosis of lung diseases
such as pneumonia, asthma, or COVID-19 [1]. Furthermore, when it is combined with XceptionNet and GoogleNet,
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the ensemble technique comes into play as one of the options for the instant detection of COVID-19 [2]. When doing
an analysis of the X-Ray pictures, the researcher applied multilayer characteristics with depth-wise [3]. The others, on
the other hand, suggested automatic disease detection through the utilization of a tailored median filter [4]. The other
researcher concentrated on utilizing Electromagnetic (EM) diagnostics for cultural assets, integrating Machine Learning
(ML) and Deep Learning (DL) to analyze data and enhance conservation strategies. This method can be integrated with
various approaches for chest X-Rays, as alternative image sources may include Magnetic Resonance Imaging (MRI)
images, which are based on electromagnetic physics [5].

The other researcher used ensemble transfer learning approaches based on radiographs photos in deep learning
frameworks using two models [6]. In addition, AlexNet Model is also applied by other researchers in order to find
abnormalities in radiological images and classify them as either normal, pneumonia, or COVID-19 respectively [7]. Some
facts on infections are displayed in the previous statistic. For instance, there are roughly 801,000 infections that have been
reported in Saudi Arabia, and these infections have caused approximately 9,223 deaths [8, 9]. After doing a thorough
examination of radiograph images, a new option has shown itself to investigate the chronic level of COVID-19. This
is because the density of images changes depending on whether the patient is infected or healthy. Moreover, it can be
utilized for the purpose of forecasting the progression of the disease towards other organs [10, 11].

1.1 The motivation of research study

Despite a significant decline in COVID-19 instances, other pulmonary diseases such as pneumonia, lung cancer,
Chronic Obstructive Pulmonary Disease (COPD), and Tuberculosis (TB) continue to affect individuals globally. Conse-
quently, an alternate detection and classification method utilizing deep learning is essential for assisting physicians in
achieving improved accuracy and expedited diagnostic results. Some studies continue to investigate the diagnosis of
pneumonia from X-Ray images of the chest utilizing Yolo [12], While different researchers concentrated on rebuilding
chest X-Ray picture segmentation and employing artificial intelligence analysis of chest radiographs to anticipate
significant adverse outcomes in patients [13, 14].

In order to make a comparison between the picture of a healthy person and the image of a sick person, the uncertainty
factor of the image can be utilized. The created image has the potential to enhance the size of the dataset, which will allow
for the training to be carried out with an adequate amount of data [15]. There is also the possibility of using bidirectional
with Long Short-Term Memory (LSTM) for the purpose of autonomously detecting the coronoa virus within the lung.
There is also the possibility of determining the severity of the disease through the use of image processing by comparing
the gray level intensity of photographs [16, 17]. Figure 1 is a representation of an example of radiograph images that have
been infected with pneumonia, COVID-19, and tuberculosis.

Figure 1. Sample of lung X-Ray images with various disease. (a) COVID-19; (b) Pneumonia; (c) Tuberculosis

The design of research that identifies abnormalities of lung images of patients for initial screening. The other
researcher also identified COVID-19 from cough sounds using Linear Regression (LR) and Support Vector Machine
(SVM). The Artificial Neural Network (ANN) and Random Forest (R.F.) are also being used for analyzing the pattern of
cough and then identifying the severity of the patient’s respiratory disease [18]. Disease like asthma and cough can be
observed using Wigner distribution approaches in a quiet environment [18]. Another research utilizing the limited public
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dataset for classifying coronavirus patients from the healthy one. They train small datasets by using two-step transfer
learning design [19]. In their first step, a large pneumonia dataset is processed with pre-trained Deep Residual Network.
The outcome for coronavirus diagnose in pneumonia-infected and non-infected X-Ray photos is satisfying.

Collecting medical photos is a costly and tiresome that need verification from the expert and competent person [20].
Convolutional Neural Networks (CNNs) are able to carry out the work because they have a large number of parameters that
can be fine-tuned. This is the reason for their superior performance. As a result, the results of recognition and detection
may obtain higher results, despite the fact that the dataset is limited [21-23]. X-Ray images is rather challenging to
gather and can be costly for it need professionals and skillful person [24]. During the initial phase of the coronavirus’s
transmission, it was extremely challenging to gather the image dataset from patients because hospitals were primarily
concerned with maintaining patient satisfaction. As a result, one of the methods that is required is one that may be used
to increase the picture dataset by automatically generating an X-Ray image dataset. Image processing is also capable of
transforming the image, improving its quality, and correcting any distortions that may have been there.

1.2 The research contribution of the proposed framework

Lung illness continues to affect a significant portion of the global population. A novel framework is required for
automating the detection of lung diseases with enhanced results and precision. This statement justifies the principal
contribution of our proposed framework to chest X-Ray illness categorization with detailed contributions outlined below:

* Enhancing the Quality of X-Ray Datasets via the Application of Deep Convolutional Generative Adversarial
Network (DCGAN) and Enhanced DCGAN.

+ In this study, we propose a multistage transfer learning approach that aims to enhance training accuracy by using
the knowledge acquired by Inception V3 and Xception models.

* The K-fold cross-validation technique is commonly employed to partition the dataset into training and testing sets
in order to enhance accuracy.

The structure of the paper is elaborated as follows: Chapter 1 centers on the latest knowledge and the impetus
underlying the study. Chapter 2 give a summary of relevant research conducted on the use of artificial intelligence for
lung illness diagnostics. Chapter 3 includes related works and proposed method. Chapter 4 includes research results and
discussion of the results. Also, it assesses the implementation of the suggested framework and benchmarking with related
research. Lastly, Chapter 5 includes the research conclusions.

2. Related works

The latest method of image enhancement competent of overwhelming common data amplification. previous
researcher methods is Generative Adversarial Network (GAN). GAN use two elements, G(z)-D(x), which has its own
function. The purpose of G(z) is to generate a trustworthy replica of the dataset by making use of a certain distinction.,
and D(x) responsible to compute it [24]. A person who is infected with the coronavirus may have symptoms that are
comparable to those of the flu and fever. Yet, serious case shows difficult to breathe, the organ failure or even death
[25, 26]. As a result of the tremendous rate at which the coronavirus spread, a number of countries have been confronted
with major problems in their healthcare systems. These problems are mostly the result of the difficulty in managing large
numbers of patients at the same time. As a result of the rapid depletion of test kits and ventilators, the majority of nations
have implemented lockdown policies, severely prohibited meetings, and demanded that everyone stay at home [27, 28].
Researchers found that the patient’s lungs with coronavirus infection showed a visible mark of ground-glass opaqueness,
darker than the surrounding area, and pessimistic COVID-19 persons [29, 30]. Therefore, scientists put immense faith in
using Chest Radiograph images for COVID-19 detection and analysis and further action toward the patient. In the real
world, analysing many cases instantaneously is needed to overcome the staff and testing kit limitations. Therefore, Image-
based detection through X-Ray images has significant potential to help hospitals and teams easily detect the infected
patient. X-Ray machine is primarily available at most of health facilities, and they are more familiar radiograph than the
latest testing kit [29, 30]. Pneumonia usually diagnose using X-Rays, however its rather hard to discriminate chest disease
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caused by pneumococcal pneumonia or coronavirus [31]. Therefore, deep learning with artificial intelligence will provide
precise, inexpensive and fast results could help COVID-19 diagnose [32]. With Mask Region-based Convolutional
Neural Network (RCNN), detecting the disease on X-Ray photos could be more efficient and accurate by knowing
the type and severity by patterns [33]. A number of researchers are still concentrating their efforts on identifying and
analyzing COVID-19 with a high degree of precision by employing the layered composite method employing radiograph
photographs and lung computed tomography scans [7]. In addition, they utilized a variety of methods, including layered
design of LSTM-learning for the evaluation of coronavirus patient treatment, Bi-LSTM-Network, and metaheuristic-blend
for the diagnosis of coronavirus using lung radiograph photographs[20, 34, 35].

3. Material and methods

In this research, we combined an ensemble technique with a Deep Convolutional neural network to generate a
generated image to enhance the dataset of Chest Radiograph images. lan Goodfellow et al. initially proposed the
fundamental concepts of Generative Adversarial Networks (GANs) [36]. Saka [37] mentions that GAN used two neural
networks: a discriminator to distinguish between two images (real or fake).

3.1 Dataset

Previous scientists focused on binary classification for binary images using deep learning. We have collected several
typical and pneumonia patient datasets from the Kaggle X-Ray dataset with various resolutions [38]. Our dataset is also
supported by an additional dataset from Joseph Paul Cohen with COVID-19 samples [39]. Figure 2 demonstrate various
types of X-Ray Images with certain conditions.

(2)

Figure 2. X-Ray images variety (a) Normal, (b) Pneumonia, (c) COVID-19

3.2 GAN

The generator and the discriminator are the primary components that are involved in the production of images.
Generative Adversarial Network (GAN) is capable of generating images based on the characteristics of the original images.
These two components are working together to collaborate in order to improve the overall quality of the photographs that
are generated [40]. In addition, the other researcher is concentrating on DCGAN in order to enhance the quality of the
X-Ray images that are created [41]. The diagram of GAN is clearly illustrated in Figure 3.
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Figure 3. GAN-diagram [40]

A unique adjustment of the upper and lower limit of such network elements is required in order to activate generator
and discriminator networks, which are required for the training of GAN [41]. This process is shown in Equation (1) [42].

min max
< TVGAN(Q G) =Erpa(x) [108DX)] +E_ () [log (1 = D(G(2)))] .- (D

Eypyua(x) 18 the supposed value for actual instances while E,_,, () is the supposed value of fake instances. p;(z) a
value that randomly allocated. G(z) is the generator function which is responsible for mapping the data into space, x is
original data, and D(x) is the probability of actual data (x), not the generated one.

3.3 Improved DCGAN

The DCGAN has both a discriminator and generator that has drawbacks when dealing with min-max adjustment.
Therefore, to improve the DCGAN, we adopt the algorithm proposed by Liu et al. [43] to handle gradient disappearance.
Initially, the minimum cross-entropy needs to be calculated for discriminator D under the generator G. This function is

calculated using Equation (2).
Entropy(D) = Eyp,,, log[D(x)] — Ez.p, log[1 —D(G(Z))]. 2)

Where log [D(x)] is used for evaluating the sample data, where log [l — D (G(Z))] correspond to the reasoning of
created sample data. The closeness of sample data distribution is determined by discriminator Pdata and data distribution

generated by GPG (x), and x is a sample from the actual data, refer to Equation (3).

Entropy (6. 06) =~ [ Puaa(x) 0z (D)) dx— | P.(Z)1og (1D (G(2)))dz

— [ 1Praddog(D()+ Pol)iog(1 ~ D)l dx. 3)

Due to the data and generator being predefined, they can be treated as constant values. Therefore, the generator and

data can be substituted. Refer to Equation (4).
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f(D) =cilogD+cylog(1 —D). @)
If (D) =0 in (1), the maximum point can calculated as depicted in Equation (5):

D (x) = Piara(x)

B Piata (x) +PG(X) . (5)

The further step is to adjust the Discriminator D. Therefore, the optimisation for generator G is computed with
Equation (6).

V(G, D) = Ex<p,,,, 10gD(x) + Eyplog[l —D(x)]. (6)

By referring to Equation (2), the Dx gives V (G, D) the optimal solution for the generator can be computed through
Equation (7).

min
G V(G, D) =V (G, Dx)
@)

Piata (x)
Paata(x) +P(G) |

Pdata (x)

= EyPiara(x) [log Prora)
ata

} + ExPg(x) [log

During the program running, the system will train the discriminator once generator D is fixed. It will be continued
with training Generator G. The iteration process will be continued until optimisation training Py, = PG, which shows
that optimisation is reached.

3.4 Xception convolutional neural network

The Convolution Neural Network (CNN) is a feed-forward neural network capable of learning by itself through
kernel optimisation. According to Wu, mathematically, the convolution can be expressed as Equation (8) [44]:

H w D!

qtl it ] i
yll ) Jll 5 d = ZO ZOZ‘](;7 j, d]7 d xi[+l+i, jl+1+j, d[' (8)
i=0,j=0 4!

Equation (8) will be repeated for all 0 < d < D = D'*!, for any spatial location i/*!, j'*! that satisfying 0 < i/*! <
H' —H+1=H"" 0<% <W'-W+41=W""! The element x/.,
by triplet (i1 +i, jiT1 +j, d').

The final convolution result will be computed by @x! is BT :

i dl Indicates a component that is pointed

vec(y) = vec (xH'l) =vec (@ (xl) F) 9)
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I+ 1y l+1 ! . g . .
vec(y) e RETWIID g () e RHTWENSAHEWDY and F e REWD)ID | The matrix multiplication @ (x') F will generate
. . . . . . . I+ 1y l+1
a matrix with size H"1W'+1xD. This vectorisation is a result of R(#' W)

According to the chain rule, the convolution based on backward propagation will be computed by Equation (10).

dz B dz dvec(y) (10)
d(vec(F))"  d(vec(Y)") d(vec(F)")
The first part in Right Hand Side (RHS) is already computed in the layer [+ 1, which is m, so the second
vec(x
part will be computed as Equation (11):
dvec(y) _ (1@ @(x\Vec(F)) :I®®(xl>. (1)
d(vec(F))" d(vec(F)")
T
If we used the fact aﬂ =Xor & = X, then it will lead to equation (12).
da daT
aZ aZ 1
= Ia(x')). 12
d(vec(F))"  d(vec(y)") ( ( >) (12
By applying transpose, then equation will transform into Equation (13)-(16).
aZ I T 82
——=(I®2 13
d(vec(F) ( @ (x )) dvec(y) (13)
T  dz
— ! il
= (I®®(x)) vecaY (14)
T Jz
— / el
fvec(g (x)) aYI (15)
T Jz
_ / il
7vec(@ (x)) v (16)
The final equation can be presented in Equation (17) by applying the Kronecker product.
aZ ! T 8Z

As part of the Convolutional Neural Network, Xception relied on extreme inception architecture that uses depth-wise
separable convolution [45]. This model enlarged the initial inception block by changing the dimension into a single size
(3 x 3) tailed by a (1 x 1) convolution to decrease the complexity. The effectiveness of the Xception block is because it
separates channel and spatial correspondence.
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In addition, the 1 x 1 convolution is applied to convolved output of inserting a small dimension. Subsequently, k
spatial transformation is performed, where k denotes the width degree. The computation is simplified by particularly
convoluting each channel near spatial axes. The advantage of Xception architecture is the utilisation of the same number
of transformation segments with several channels. While traditional CNN only uses a single transformation segment.
Therefore, Xception learning has increased the efficiency and performance of learning.

Figure 4 shows the Xception block architecture. The system will feed input toward pointwise convolution and then
continue with output channels based on depthwise convolution. Finally, it goes into the last 1 x 1 convolution.

Output channels

1 X 1 convolution

QJ—*A—!Ji II—-

Pointwise convolution

DeptllWlse convolution

Figure 4. Xception block architecture (Chollet [45])

Basic data Advanced data
augmentation augmentation Feature extraction
°Rotation . PDCGAN - | Transfer learning/Pre
°Scaling - S dDCGAN| |irained models =
°Horizontal flipping DIOVE > Inception V3
oVertical flipping . .
> Xception learning

Inccltlon V3 convolutional neural network
Xception convolutlonal neural network

| Pneumonia |

[N

’ i COVID-19 |

p==mmeoses

: Normal :

Figure 5. Proposed methodology for improved DCGAN and inception-Xception architecture

The proposed method is broken down into its component parts and depicted in Figure 5. Following the initial scaling
of the image to dimensions of 288 by 288 pixels, it will then be tossed into the training process. Following that, the
primary data augmentation, which includes changes such as rotation, scaling, and horizontal and vertical flipping, is
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implemented. Following that, the process will be maintained with the help of the Xception convolutional neural networks
and the Inception v3 transfer learning model.
There are four main steps in the data augmentation and transfer learning process. The detailed algorithm is depicted
in Algorithm 1.
Algorithm 1 Data augmentation & multistage transfer learning classification.
Input: Chest Radiograph dataset I(x, y).
Step 1: Initial Processing, change image to grayscale-mode, use normalisation. I : {X CR"} — {Min, ..., Max}
Become. Iy : {X CR"} — {new Min, ..., new Max}. Iy = (new Max — new Min) ———— + newMin.
l4+e @
Step 2: Basic image enhancement (scale, flip, rotate).

old image.x
Scale, I(x, ¥), Xratip = e 8,
new_image.x

_old_image.y

Yratio = . .
new_image.y

Lnew (flOO}" (x*xratio) , flOOr(y *Yratio))-
Horizontal flip, Iye, (width—x—1, y).
Rotation Ie,y = (X, ).

X, = (x —center_x) x cos(angle) — (y — center_y) % sin(angle) + center_x,
yr = (x — center_x) xsin(angle) + (y — center_y) * cos(angle) + center_y.

Step 3: Expanded dataset Enhancement (Improved-DCGAN).

Compute the expected value of real E and fake instance.

E_p,(;) using equation (1).

Manage the gradient disappearance by calculating Entropy(D).

Via equation (3). Then perform operations for optimisation of operator G, V(G, D).

X~Pdata(X)

Step 4: The Retrieval of Characteristics.

v (X fidy)
Insert-image I;e = (X, ¥r) , through CNN, calculate the output of Pixel Value V =

Afterwards, the pixel value for convolution is presented in Equation (17). The vec(y) for final convolution is
processed by Equation (9).
Output: Inew = (Xr, ¥r)-

3.5 K-fold cross-validation

We adopt the idea of K-fold cross-validation from Opeoluwa [46]. The basic idea of k-fold cross-validation is how
D
to train the K classifiers (@1, ®,, D3, ..., Pk). Each classifier will be prepared by its own learning set Li = Do while

k
the performance will use its testing set too: Tx = Dy. Therefore the probability can be computed by equation (18).

p (error; @) = p (error; Py). (18)

To attain the impartial approximation of probability p(error) , the classifier @ for the complete dataset D. So
according to the basic equation for cross-validation depicted in Equation (18). Let NJ%() Represent the number of
classes from samples (@;) in Tk = Dy classified as @; by ®x. Furthermore, the aggregate amount of class ®;
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N
samples in D that are classified as @; is described by Nj;j = ZEZI N;J!(). Nk — K is samples inside Ty, N;k) =

N
K is number of class @; sample in Ty, = Dy.

Then N; = ZEZI NJgk) is number of class w; sample in D. The P(®;) is the preceding probability for class @; samples
with j=1,2,...and k=1, 2, 3...K folds. If we consider Z a random variable for the classifier ® trained on D, Z can be
presented as Equation (19).

1 ifd(x)#t
Z(x,t)= (19)
0 else.

If vector x and target ¢, with E(Z) = P (®(x) # t), then E (Z‘wj) =P (P(x) #t)|w; = P(error|w))
Therefore, the probability can be defined as Equation (20):

P (error) = ip (error, w;) = Zp ) E(Z|w)). (20)
=1

Opeoluwa [46] simplified those equations even further become Equation (21):

R ) — < o 1 NK N 21
p (error; k)—ZP( /)W( J Ji ) @b
j=1 Nj
K
p (error; @) = Z error; ). (22)

To obtain the Standard Error (S.E.) for unbiased S.E. of p (error) can be computed through Equation (22):

SEGR) = | X ((0))* § B (1)
A
c 2
= [ X @) (3)
=1 i

We do stratified K-Fold Cross-Validation with k = 5 for model training and assessment. The training will be
conducted repeatedly using k-fold cross-validation (default: k£ = 5). Only models that attain an F1-score exceeding a
specified threshold are kept; subsequently, underperforming models are eliminated before to the formation of the ensemble.
The fragment code for the k-fold cross-validation is depicted in Figure 6.
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k fold=5

epoch num =10

def train_kfold (model name, k =k fold, fl threshold =0.90, max_epochs = epoch num, PCount = 10):
Cfold = StratifiedKFold (n_splits = k, shuffle = True, random_state = SEED)

fold results =[]
best models =[ |

label tensor = torch.tensor (full labels)
class sample counts = torch.bincount (label tensor)

class weights = 1.0/class_sample counts.float ()
class weights = class weights/class weights.sum ()
class weights = class weights.to (device)

for fold, (train_idx, val idx) in enumerate(Cfold.split (np.zeros(len(full labels))), full labels)):
print(f"\n---Fold {fold + 1}---")

Figure 6. K-fold cross-validation fragment code

3.6 Evaluation metrics

Precision, recall, and F1-score are the measures that we have consistently used for evaluation, as they are the most
frequent and typical measurements. Equation (23) and Equation (24) comprise the terms of the common parameters:

TP
Precision = ———— 24
recision TP+ TP (24)
Recall or True Positive Rate — — (25)
€call or 1rue rositive rate = .
TP +FN’

On the other hand, the values FP., FN., TP., and TN. represent, respectively, false-positive, false-negative, true-
positive, and true-negative characteristics. It is possible to compute the F1 score, which is used to evaluate the correctness
of the method, by utilizing the formula (25):

Pl — 2 x Precision x Recall _ 2TP
" Precision+Recall =~ 2TP+FP+FN'’

(26)

4. Result and discussion

This section describes the proposed DCGAN-Inception V3 learning implementation details for Chest-X Ray image
augmentation and classification.
4.1 Improved data augmentation

As described in the previous section, advanced image augmentation is performed using improved DCGAN. The dark
canvas is generated at the beginning of iteration, as shown in Figure 7. Then, after hundreds of iterations, the chest image
gradually appears with more acceptable quality (Figure 8).
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Figure 7. The initial iteration of improved DCGAN (#lst iteration improved DCGAN)

Figure 8. Chest radiograph images after the 476th iteration of improved DCGAN

Figure 8 quality generates the complete portion of the chest area, including the images of rib bone, spine bone,
digestion area, etc. In Figure 9, the fluctuated loss-rate of Generator along the iteration, while the discriminator also
fluctuated, but it decreased significantly after the 2,000th plus iteration.

Generator and discriminator loss during training

—G
150 {—D
125
10.0

j 15
5.0
|

2.5
] bl Immy

0 500 1,000 1,500 2,000

Tterations

Figure 9. The loss graph for generator-discriminator

4.2 Classification results

The main sources of datasets are a pair of distinct sources (Cohen [39], Tabik [47], and Shuja [48]). Additionally,
the dataset produced by the DCGAN and the enhanced DCGAN process is utilized for training and testing purposes. This
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research framework is trained using 9,300 images categorized as non-disease (3,300), pneumonia (2,500), and COVID-19
(3,500). Subsequently, we evaluated 1,049 pictures, comprising 294 normal, 424 pneumonia, and 331 COVID-19 cases.
Subsequently, the model is trained using Inception Learning V3 with a batch size of 128 for 100 epochs. Subsequently,
proceed with the transfer to Xception (batch size of 256 and 100 epochs). The image size distribution depicted in Figure
10 is quantified for each sample class to contrast positive and negative examples, hence illustrating class imbalance in the
data.

We use weighted binary cross-entropy loss to handle the result with false positives. If the number of one class is
dominant, we can shift the bias, forcing the model to give the same weight for each categorised image, using Equation
(26).

log(f(x) + Y, log(1—f(x))|. 27)

positive examples negative examples

Lcrossfentropy (D ) =

N~
™

X size: Valid normal Y size: Valid normal X size: Valid pneumonia

S = N W
(=} — [\S}
(=} — [\S}

1,300 1,400 1,500 1,600 1,700 1,800 1,000 1,100 1,200 1,300 1,400 1,000 1,200 1,400 1,600
Y size: Valid pneumonia X size: Valid normal Y size: Train normal

400 356

200

100

200

2
1“_1
0 0

600 700 800 900 1,000 1,100 1,000 1,500 2,000 2,500 3,000 1,000 1,500 2,000 2,500
X size: Train pneumonia

Y size: Train pneumonia X size: Test normal

1,500

1,000
1,000
500 500
0 0 0
500 1,000 1,500 2,000 2,500 500 1,000 1,500 2,000 1,000 1,500 2,000 2,500
Y size: Test normal X size: Test normal Y size: Test normal
100 100

40

50 50

20

0

0 0
500 1,000 1,500 2,000 2,500 800 1,000 1,200 1,400 1,600 1,8002,000 400 600 800 1,000 1,200 1,400

Figure 10. Class imbalance dataset

This research employ weighted binary cross-entropy loss to address the prevalence of false positives. The rationale
is that, due of the abundance of X-Ray pictures depicting Pneumonia, the model assigns greater weight to erroneous
classifications. We adjust this bias to compel the model to assign equal importance to normal and pneumonia images.
This formulation indicates that a significant imbalance, characterized by a scarcity of negative training images (normal),
will result in the loss being predominantly influenced by the negative class (normal), as depicted in Figure 11.
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freq neg =tot normal train/(tot normal train + tot pneumonia_train)
freq pos =tot pneumonia train/(tot normal train + tot pneumonia train)

pos weights = np.array ([freq neg])
neg weights = np.array ([freq pos])

print (‘check positive weight: ', pos weights, len (pos_weights))
print (‘check negative weight: ', neg_weights)

def get weighted loss (pos weights, neg weights, epsilon=1e-7):
def weighted loss (y_true, y pred):
# initialize loss to zero

loss = 0.0

for i in range (len (pos_weights)): # we have only 1 class
# for each class, add average weighted loss for that class
loss + = - (K.mean ((pos_weights [i] * y_true [:, 1] * K.log (y_pred [:, i] + epsilon)) +
(neg_weights [i] * (1-y_true [:, i]) * K.log (1-y_pred [, i] + epsilon))))
return loss
return weighted loss

Figure 11. Imbalance code for weighted cross-entropy

The outcome shows that the best accuracy of training and validation of recommended model are 97.90% and 99.14%,
respectively. At the same time, the loss (0.0086), respectively, as shown in Figure 12.

Training and validation acc Training and validation loss

1.0 e 1.0 )
P R P — = -0 1 === Training loss
ha z \Js LY Valiidation loss
A / \.”
09 /1N % 0.8 1
Vv | \. I
fj v ]
081 | : | 0.6
ij L
2 i 0.4 1
071 ik
ooy — 021
i -==Training acc R
061 ¢ — - Valiidation acc N i e
0 5 10 15 20 25 0 5 10 15 20 25
Training and validation precision Training and validation recall
1.000 - N 1.0 e ———
X /\\——/\,""’/— T e
0.995 A g~ 094 /
/ /
0.990 - = it il
098514 [/
I 0.7 4
09804 |
09754 | 061
09701 I 0.5 1
09654, . : . . 041 . . : . :
0 5 10 15 20 25 0 5 10 15 20 25

Figure 12. Accuracy-loss-validation-recall graph

The positive outcome of the training is that the recognition process is comparable to the dataset that was initially
utilized. This is a very encouraging development. In terms of contrast, saturation, and the amount of noise, the visual
quality of some of the data is substantially higher than that of the original dataset. All of these metrics are taken into
consideration. A classification of the transfer learning (Inception v3-Xception) using the DCGAN and Improved DCGAN
dataset is shown in Figure 13, which shows the outcomes of the classification.
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Figure 13. Classification result of three classes (Normal; Pneumonia; COVID-19). (a) Ori: COVID-19; Pred: COVID-19; (b) Ori: Normal; Pred:
Normal; (¢) Ori: Pneumonia; Pred: Pneumonia; (d) Ori: COVID-19; Pred: COVID-19; (e) Ori: COVID-19; Pred: COVID-19

4.3 Performance evaluation
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Figure 14. Confusion matrix for with inception v3 and improved DCGAN dataset
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We also evaluate the performance of the proposed approach with the confusion matrix. Figure 14 depicts the scenario
without transfer learning, only using an improved DCGAN dataset with an inception V3 training model. In addition, Figure
15 shows the confusion matrix of the proposed approach with transfer learning between Inceptionv3 to Xception learning.
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Figure 15. Confusion matrix for the proposed approach with transfer learning

We can see some accuracy improvement when the transfer learning is applied, and then accuracy changed from
97.9% t0 99.1%. The proposed approach can identify around 291 normal, 420 Pneumonia, and 329 COVID-19 cases with
transfer learning. The average ROC curve is shown in Figure 16.
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Figure 16. The ROC curve for the proposed approach
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The results of the numerous testing situations are presented in Table 1, which includes: VGG19 + Original dataset,
Inception V3 improved DCGAN dataset, and transfer learning (Inception V3 + Xception) + Improved DCGAN dataset.
The F1-score, accuracy, precision, and recall of the individuals in question. According to the findings, the transfer learning
methodology achieved a higher accuracy score than the other method, indicating that it functioned better with 99.14%,
Precision (98.8%), Recall 98.34%, and F1-Score 98.97%.

Table 1. Performance analysis between three scenarios

Method Accuracy-score  Precision-score  Recall-score  Fl-score
VGG 19 + Original dataset 79.02 79.20 81.20 80.12
Inception V3 + improved DCGAN 97.90 96.9 97.17 97.72
Improved DCGAN + Transfer learning (Inception V3 + Xception) 99.14 98.80 98.34 98.97

As seen in Figure 17, the benchmarking procedure is shown together with the methods that were used in the past.
Upon closer analysis, it is clear that the combination of transfer learning and the enhanced DCGAN dataset is significantly
superior to the methods that were previously utilized.

Comparison of VGG 19, Inception V3 + I-DCGAN, Transfer learning + Improved DCGAN
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Figure 17. Performance metrics illustration of transfer learning with other approaches

4.4 Performance comparison

A comparison between our techniques and related works has been presented in Table 2 to show the contribution of
the proposed approach.

As depicted in Table 2, there is previous work using the transfer-learning approach to classify the chest-X Ray images
and gain 98.62% accuracy, which another researcher achieved with the Covinet-CNN practice. AlexNet-framework has
reached 93.42% accuracy with a sensitivity of around 89.18%. The closed result performance was made by fine-tuned
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Dense Net 121. Additionally, our proposed approach shows fascinating results with 98.86% accuracy, 99.9% in sensitivity
score and 98.7% in recall. This result is affected by improving Chest Radiograph image quality through the improved
DCGAN process. The training combination between the original & generated DCGAN data through the transfer learning
(Inception V3 + Xception) learning model becomes flawless integration. The framework that has been proposed is capable
of overcoming other approaches that have been taken in the past, as shown in Figure 18.

Table 2. Comparison of proposed approaches with existing works

Previous research Image data Methodology Accuracy-score  Sensitivity-score  Recall-score
[49] Chest-radiograph Transfer learning 98.7% 95.0% 95.0%
[4] Chest-radiograph CNN-covinet 98.6% 95.8% 93.7%
[50] Chest-radiograph Transfer-learning 98.5% 94.1% 98.5%
[51] Chest-radiograph ResNet 34 & HRNets 97.1% 95.6% 98.4%
[52] Chest-radiograph AlexNet mode 94.2% 93.4% 89.1%
Proposed Chest radiograph & Transfer learning
method Improved chest radiograph  (Inception V3+ Xception) 99.1% 98.5% 98.3%

100 Performance comparison

1

& Fine tuned Covinet system Transfer ~ ResNet 34  AlexNet Transfer learning
dense net 121  + CNN learning & HRNets mode (Inception V3 +
Xception)

AN 0 O N

® Accuracy ® Sensitivity = Recall

Figure 18. Performance metrics comparison with other related works

4.5 Observations about the experiment

Using the combination of ensemble techniques between Improved DCGAN + transfer learning, we can improve
the prediction score of Chest-Radiograph data. Figure 16 depicts the proposed approach performance, showing that our
improved DCGAN + multistage Transfer Learning (Inception v3 + Xception) has positively overcome the preceding
research result. Table 2 demonstrate various transfer learning techniques comparison such as fine-tuned Dense Net 121,
ResNet, and AlexNet. The improved method has given a promising boost toward the result. The intended method show
an improvement of (accuracy-precision-recall and F1-score) by 0.45-1.7% in the average achievement of an experiment.
The improvement is due to a combination of DCGAN + inception V3 and XGradient Boost. However, if we performed a
comparison 1 : 1, some achievements could reach a 4.96 % improvement

5. Conclusion and future works

There are still a lot of people throughout the world who are affected by lung disease. The COVID-19 virus, which
is considered to be one of the worst cases, continues to leave an indelible stamp on people’s memory due to the fact
that its effects are enduring. Taking this into consideration, a significant amount of research has been conducted with
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the goal of simplifying the process and improving the accuracy of the findings of the detection. Computer vision and
artificial intelligence have emerged as two of the most fascinating fields of research over the course of the past few
years. The employment of image analysis techniques in the interpretation of chest radiographs has gained a significant
degree of popularity in recent years. This is because these techniques are a valuable tool that medical professionals
may utilize to enable correct diagnosis. Two primary focal areas are explored in this work. Both of these issues
are important. Through the utilization of a multistage transfer learning model and an improved Deep Convolutional
Generative Adversarial Network (DCGAN), the recognition process was able to achieve a higher level of accuracy.
The usage of data augmentation techniques allowed for the successful completion of this task. To be more specific,
the Inception V3 and Xception models were put into action, which resulted in an improvement in performance. The
classification outcome that was created is worthy of being mentioned because it received a score of 99.14% for accuracy
and 98.51% for sensitivity for classification. Enhancing the quality of the dataset or refining the transfer learning process
by the utilization of alternative learning model combinations, such as comparison with Vision Transformers or hybrid
CNN Transformer models, may be the key focus of future study endeavors. This might be realized through the utilization
of alternative learning model combinations.
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