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Abstract

COVID-19, is a dangerous disease, that is widely spread
among humans by inhalation of the virus, and it harms and may
damage the lung. The aim of this paper is to detect COVID-19
using our new algorithm called “Cascade-Correlation Growing
Deep Learning Neural Network Algorithm (CCGDLNN)” from
Computed tomography (CT) scan images of a patient’s chest.
We apply the algorithm over 48,260 computed tomography scan
images from 377 persons divided into 282 normal persons and
95 patients were infected by COVID-19. Our system is divided
into two stages: Firstly, the system removes unclear computed
tomography-scan lung images by analyzing them. Secondly, we
run our algorithm based on the exception model that begins with
a small network without any hidden layers but has input and
output layers only. The algorithm after that, adds new neurons
and connects them to the last layer or add a new layer with one
neuron. Finally, after performing these two stages, the system
can be able to detect COVID-19 patients from their lung
computed tomography-scan images. We train the data using
two different models and compared the results with our model.
In the image classification process, our model achieved 98.8%
accuracy on more than 7996 test images.

Key Words: Deep learning; constructive deep learning;
diagnosis systems; COVID-19; CT scan; automatic medical
diagnosis.

1 Introduction

COVID-19 is an infectious disease resulting from the new
virus called “severe acute respiratory syndrome Coronavirus 2”
(SARS-CoV-2). COVID-19 can be transmitted between
persons by contacting directly with a diseased person.

The infection can happen when a patient sneezes, coughs, or
even talks close to another person and the infected respiratory
droplets are transmitted to the normal person [12, 16, 27].

For Covid-19 diagnosis, scientists used several methods like:
Reverse Transcriptase-Polymerase Chain Reaction” (RT-PCR),
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medical imaging, and medical tests like isothermal nucleic
amplification, antibody, and serology [47]. The most popular
method to diagnose the viral disease like COVID-19 is the RT-
PCR.

However, The RT-PCR requires high experience and many
experimentations to develop novel measurements [15]. Also,
the shortage of the number of diagnostic tools at some areas
around the world forced the scientists and researchers to find an
easier way to detect COVID-19. The researchers found that the
medical imaging devices like (X-rays and CT scans) are
available at many labs and centers, so they used these devises to
diagnose COVID-19. COVID-19 virus attacks the patient’s
lung, so the medical imaging can diagnose the disease from the
lung image only. Hence, a chest CT scan has become strong
evidence for disease confirmation [26].

Fang et al. noted that the accuracy of CT (98%) was higher
than RT-PCR (71%) when diagnosing COVID-19 [14]. Covid-
19 appears in the patient’s lung using CT scans after at least four
days from Covid-19 symptoms [5]. CT scans can help for early
COVID-19 diagnosis to prevent the virus to transmit to others,
but this method is not recommended at final diagnosis [2]. In
[5, 48] some patients who had negative results at their RT-PCR
test, were found that their lungs were infected by Covid-19 by
using CT scan device. So, when the RT-PCR was repeated
twice for these patients, the result converted to positive and
confirmed the CT scan examination. However, a manual
diagnosis of COVID-19 from chest CT images takes time and it
might not be possible to manually check every CT image in
emergency situations. So, we need tools that help in diagnosis
of COVID-19 automatically by analyzing CT images of
patient’s lung. Artificial Intelligence (Al) and deep learning can
be used to build an Al based tool that accelerates the diagnosis
process [39]. The viral infections can be visualized using
machine vision and medical imaging. Deep learning is
considered as the best method at machine vision [19]. Deep
learning has many applications in medicine [31], agriculture
[35], economics [18], etc. In [23], the automated method that
was used for diagnosing COVID-19 (90%) was better than a
manual diagnosis (70%).

All neural networks (NNs) algorithms define the architecture
of the network before the beginning of the training process.
However, there is another type of NN called constructive (or
adaptive) neural network, which allows the structure of the
network to be constructed during the training process. The
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constructive algorithm can solve a real-life problem as it is a
supervised learning algorithm. The constructive algorithm
begins by a small network that might not have any hidden layers
but have input and output layers only. The algorithm then adds
the neurons and layers gradually during training processes until
reaching the optimal result of classification [29].

In this paper as in Figure 1, we used the CCG-DLNN
algorithm [29] that we previously developed at [29] for
diagnosing COVID-19 cases from the CT scan lung images.
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pandemic virus COVID-19. There are two types of studies that
diagnosed COVID-19 which are: binary classifications or
multiple classifications. These studies used chest medical
imaging by using X-rays or by CT-scan. This type of studies
sometimes used raw data and others used feature extraction.
Almost all studies used convolutional neural network (CNN)
and the amount of used data was different from one to another.
[30, 45] it was determined COVID-19 was diagnosed using the
current deep learning networks and X-ry images of chest. They
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Figure 1: The steps of our proposed system for COVID-19 CT scan chest images classification

This system detects the infected patients using CT scans of these
patients.

The dataset that had been used was COVIDCTset [36], and it
was divided into 95 patients (15,589 COVID-19 images) and
282 normal persons (48,260 normal images). Our work has two
stages:

1. A selecting algorithm:
infected lungs.
2. Run the CCG-DLNN algorithm.

selecting the most noticeable

After these two steps, we trained and tested two constructive
algorithms other than CCG-DLNN algorithm and compared the
three algorithms. Finally, we evaluated CCG-DLNN algorithm
on more than 7996 images by single-image classification. Then,
we examined the system by testing it on 245 patients and 41,892
images. The COVID-19 infected areas are explored in resulting
images using a feature visualization algorithm.

The paper organization is: In Section 2, we will describe the
related works. In Section 3, the dataset and the proposed
algorithm will be discussed. In Section 4 we will present the
experimental results. And finally in section 5, the conclusion of
the paper was discussed.

2 Related works

Until the time of writing this paper, many trials have been
done and several research studies published to deal with the new

have a high accuracy on their results. However, [46] developed
a new deep learning (DL) system and evaluated it to make a
three-class data classification. This study used 5372 cases from
many hospitals around China and used their CT scan chest
images for the proposed DL. In [20] the X-ray images and
VGG19 and DenseNet models also detected COVID-19.

In [23, 34] the Xception architecture and X-ray images of the
chest were used to diagnose COVID-19. In [24] the cases were
classified into 3 classes: normal, bacterial, and viral pneumonia.
In [34] Resnet50v2 networks along with Xception architecture
were used to classify 11,302 images into 3 classes: normal,
pneumonia, and COVID-19 patients. The accuracy was 99.5 for
this classification.

In [25] developed a new network called COVNet. COVNet
was evaluated by using 3322 from 3506 chosen CT scan images.
In [7] proposed an eXplainable deep learning approach and used
2482 CT scan images of 120 people to classify the COVID-19
infected patients, and the normal persons. The accuracy reached
to 97.38% at this study. In[23] a new algorithm was developed
called CovidCTNet. They used CT scan chest images to classify
287 patients into three classes: normal people, COVID-19
patients, and community-acquired pneumonia (CAP). The
accuracy of the results was 90%. A segmentation of COVID-
19 infections has been performed by using CT scans at [44].

The CNN and machine learning techniques have been used
by [1, 8, 10, 28, 31-32, 37, 49] using CT scan or X ray chest
images. In [36] it achieved 0.9849 accuracy of CNN when they
developed a new method by modifying the feature selection
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pyramid network and used the ResNet50V2 network.

An evolutionary neural network [9] is used to detect COVID-
19 automatically using a common pneumonia and pneumonia
that causes COVID-19. They used transfer learning to detect
different abnormalities with small medical image datasets.
Multi-objective differential evolution (MODE) [42] is based on
CNN for classifying CT scan chest images to diagnose COVID-
19. New deep transfer learning model that was based on
DenseNet201 by using CT scan chest images as classification of
the COVID-19 patient [22]. A new multi-class segmentation
technique called Residual Attention U-Net was proposed in
[11]. This new technique can be used to diagnose COVID-19
and its related pneumonia using CT scan chest images. In [3]
detected infection areas and the diseased part by using a new
proposed network “Auto Diagnostic Medical Analysis”. They
used X-ray and CT scan chest images. DenseNet network has
been used for removing the infected spots at the lung. In [6] two
methods: the first method is based on AOCTNet, MobileNet
and ShuffleNet CNNs; the second method is based on removing
the features at X-ray images and make a classification using
many different algorithms to diagnose COVID-19. In [17]
COVID-19 was detected by using Bayesian CNN model based
on the dropweights and chest X-ray images.

The SqueezeNet model is based on Bayesian optimization and
diagnosed COVID-19 using X-ray images in [43]. Five models
(VGG16, VGGI19, ResNet, DenseNet and InceptionV3)
diagnosed COVID-19 by using X-ray images [38] and in [33]
used five methods to extract features. Then, they classified
features using SVM and two, five, and ten-fold cross-validation
methods. COVID-19 was diagnosed by using three models
(ResNet, InceptionV3, and Inception-ResNet) [10] and they
worked on chest X-ray images. In [4] they used small dataset
by developing a new deep neural network (DNN) that was based
on diagnostic solutions and Capsule Networks.

All these previous researches diagnosed COVID-19 or
classified medical images into two or more classes using CNN
models.

CNN is based on a fixed network that has a fixed number of
layers and neurons. So, all these researches must choose the
most suitable network (number of layers, and number of
neurons) manually.

In this paper, the structure of the DL network is determined
dynamically based on the number of images and the type of
them at each problem. We performed CCG-DLNN algorithm
that we previously proposed at [29] to diagnose COVID-19 on
CT scan chest images. The following section will describe the
proposed system in detail.

3 The Proposed System
3.1 The Dataset
We used COVID-CTsetl [36] dataset in our system. This
data was collected by Negin radiology in Sari, Iran. The

COVID-CTsetl dataset was collected from March 5™ to April
231 2020. These CT images were captured and visualized
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using a scope model called SOMATOM and software called
SYNGO CT VC30-easylQ. The captured images were at format
16-bit grayscale DICOM, and resolution 512*512 pixels. It
converted the format of the resulted images from DICOM to
TIFF to remove the patient’s private information that attached
to each image [18]. COVID-CTsetl dataset has 63,849 images
for 377 patients. These images were divided into 15,589
COVID-19 images for 95 COVID-19 patients, and 48,260
normal images for 282 normal people in Tables 1 and 2.

3.2 CT Scans Selection Algorithm

In this paper, we used a selection algorithm that was
performed in [18]. The idea of this selection algorithm is to
discard the CT scan images of the closed lung. The lung CT
scan produces a sequence of images (consecutive frames). At
the beginning and the end of consecutive frames of the CT scan
lung images, the lung is closed (Figure 2). In these closed lung
images, the COVID-19 infection part does not appear. These
types of images are useless at classification process. Figure 3
shows the steps of a selection algorithm as discussed in [36].

1. Extracting a region from the middle of each CT scan lung
image. This region has pixels numbers [x;y] =[120;240]
:[370;340] as in Figure 4.

2. Selecting the dark pixels from the extracting region in
step 1 which has values < 300.

3. Return the maximum (Max) and minimum (Min) number
of dark pixels of all images in the CT scan lung sequence.

4. Calculating the threshold in equation (1).

Max(dark pixels)—Min(dark pixels)
1.5

Threshold =

(1)

5. Comparing the number of dark pixels of each image with
the amount of threshold that is calculated in step 4.

6. If the number of dark pixels is less than the threshold,
then remove this image from the sequence (closed lung).

7. Finally, we will have a number of images that appear
inside of the lung.

Figure 5 shows the deleting images that have a closed lung
and the remaining images of the sequence that will be used in
the classification process that will be discussed in detail at the
next subsection.

3.3 CCG-DLNN Algorithm

Constructive algorithm is used for generating an acceptable
network in an automatic manner. In constructive algorithm, the
neural network is built gradually during the training process.
The network starts with a minimum number of layers (may be
input and output layers only). The hidden layers, nodes and
connections are added gradually at each step of the training
process, until reaching the most suitable model for solving an
appropriate problem [40].
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Table 1: Number of COVID-19 and normal patients
COVID-19 Patients Normal People Total
95 282 377

Table 2: Number of COVID-19 and normal images
COVID-19 Images Normal Images Total
15,589 48,260 63,849

(a)

Figure 2:  Closed lung at the beginning of CT scan lung sequence (a) and at the end of CT
scan lung sequence (b)

CT scan lung Put new region Number of dark Return images with
max and min pixels.

sequence [120:370,240:340] pixels (p<300)

Calculate threshold.

Yes
Select this image. ‘ Number of dark

Dark pixels > th? pixels at each image

Y

Remove this image.

Figure 3: The steps of the selection algorithm
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Figure 4: Extracting a specific region from the CT scan lung images

estesteatolololololololo
EEEEEEEERRE
CECEERRRRRE
DEEREEEEEE
NEREER

Figure 5: CT scan lung sequence of a patient after deleting closed lung images
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The classification problems can be solved by the constructive
neural network. The constructive neural network has many
benefits such as [41]:

It requires few numbers of computations.

It requires small topology.

It learns faster.

It performs the classification process with high accuracy.

L=

In this paper, we used the CCG-DLNN algorithm that we
previously proposed at [29] to classify the COVID-19 CT scan
lung images that resulted from the selection system. The CCG-
DLNN algorithm is a constructive algorithm that begins with
only input and output layers. Then the algorithm adds new
neurons or new hidden layers gradually during the training
process [29]. The CCG-DLNN algorithm uses the same
technique as Cascade Correlation Neural Network (CCNN).
The difference between CCG-DLNN algorithm and CCNN is
that our algorithm adds more than one node to each new added
hidden layer.

The steps of CCG-DLNN algorithm are:

1. Beginning with a simple neural network with input and
output layers only.
2. Training the network and calculating the loss function

L(dv).
3. IfL(¢)>DE, then DE is the desired error. So, we need to
do one of the following two options:

(a) Adding a new neuron to the last hidden layer.
(b) Adding a new hidden layer with one neuron.

5. Repeat steps from 2 to 4 until L(¢) < DE.

3.4 CT scan COVID-19 Classification System

In Figure 6, we performed the CT scan COVID-19

Selection
Xception

model

Algorithm
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classification system using the CCG-DLNN algorithm and
Xception Architecture [13].

The Xception architecture is a Convolutional Neural Network
(CNN) architecture. This architecture is based on separating
convolution layers. The Xception architecture extract features
the convolutional layers. This convolutional layer consists of
36 layers sorted by 14 modules which connects linearly except
the first and last modules. The Xception architecture is a depth
wise linear stack based on separate convolutional layers.

The resulting images from Xception model is the input layer
of the CCG-DLNN algorithm.

4 Experimental Results

In this section we will run our proposed classification system
and compare the results with [36] model and Xception model on
the same dataset COVID-CTset.

We performed all models by Python 3.7, 253 Core i7 with
CPU 3.60GHZNVIDIA GeForce RTX 2070 GPU and RAM
size 32.0 GB. We ran the deep network by Keras library and
Tensorflow backend. We used CT scan images dataset that
were introduced by [36].

We converted all images to TIFF format and with 32-bit float
to visualize them easily. We used the same characteristics as
[36] for a fair comparison.

We divided the dataset into 5 folds and divided each fold into
3 sets which were training, validation, and testing sets [36]. The
number of images at each fold and for the training and test sets
shown in Table 3 (this distribution made by [36]).

We used the same parameters used in [36] to train the dataset.
We trained the dataset using the CCG-DLNN algorithm based
on Xception model, [36] model, and Xception model only
(Table 4).

We evaluated the CCG-DLNN algorithm based on Xception,
[36], and Xception models using the accuracy metric during the
training process. Then we divided the images at the CT scan
lung dataset into four parts:

CCG-DLNN algorithm

Initial network
Normal
COVID-19
CCOG-DLMMN algorithm steps
The Final network
Mormal

CovID-19

Figure 6: CT scan COVID-19 classification system
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True Positive (TP): The correct classified images.

False Positive (FP): The wrong classified images.

3. False Negative (FN): The images with a wrong class
label and are not classified to this wrong class.

4. True Negative (TN): The images with a wrong class

label and are classified to this wrong class.

N

So, we can calculate the accuracy of equation (2), specificity
in equation (3), sensitivity in equation (4) and precision in
equation (5) using the following equations:

Accuracy = % (2)
Specificity = TNTTFP 3)
Sensitivity = TPTfFN 4)
Precision = % (%)

The results of the accuracy for each model and each fold are
shown in Table 5. Table 6 shows the evaluating results for the
5 folds and the three models. Figure 7 shows the training
accuracy and loss in 50 epochs for the three models. The
speed of each model is in Table 7 which shows the training
time of each model.

1JCA, Vol. 29, No. 3, Sept. 2022

5 Conclusion and Future work

In this paper, we used CCG-DLNN algorithm that we
previously developed at [29] for diagnosis COVID-19 cases
from the CT scan lung images. We used the Xception model as
the backbone of our system. The dataset that we used was
COVID-CTset]l dataset that was developed by [36]. This
dataset contains 63,849 images divided into 15,589 COVID-19
images for 95 COVID-19 patients, and 48,260 normal images.
Our system firstly, performed a selection algorithm that [36]
developed. This selection algorithm selects the open lung
images from the CT scan lung image sequences, and it removes
unclear images that have a closing lung and hard to detect
COVID 19 from them. The selection algorithm speeds up the
training processes at the next phase. The second phase of our
system is to make a classification process by CCG-DLNN
algorithm based on Xception model. CCG-DLNN algorithm is
a constructive algorithm that begins with only an input and
output layers. Then the algorithm adds new neurons or new
hidden layers gradually during the training process. It uses the
same technique as Cascade Correlation Neural Network
(CCNN). The difference between CCG-DLNN algorithm and
CCNN is that our algorithm adds more than one node to each
new added hidden layer. When we compared our proposed
system with [36] and Xception model using the same dataset,
the accuracy of our system was the highest at 5 folds with
99.2%, 98.6%, 98.2%, 98.8%, and 99.6% overall accuracy.

Table 3: Number of COVID-19 and normal images in training and testing sets [36]

Training set Testing set

] COVID-19 Normal COVID-19 Normal
1820 1916 462 7860
1817 1898 465 7878
1836 1893 446 7883
1823 1920 459 7856
1832 1921 450 7785
Table 4. The Training parameters
Training Parameters CCG-DLNN + Xception model (96) model Xception model
le-4 le-4 le-4
14 14 14
Nadam Nadam Nadam
Categorical Cross Entopy Categorical Cross Entopy Categorical Cross Entopy
50 50 50
flip 1n L
5% 5% 5%
0-360 degree 0-360 degree 0-360 degree
5% 5% 5%
5% 5% 5%




1JCA, Vol. 29, No. 3, Sept. 2022 197

Table 5: The resulted accuracy for the three models

Folds Network Overall accurac COVID19 accurac Normal accurac
CCG-DLNN+Xception 0.992 0.992 0.992
1 (96) model 0.987 0.987 0.987
Xception 0.9811 0.9811 0.9811
CCG-DLNN+Xception 0.986 0.986 0.986
2 (96) model 0.9847 0.9847 0.9847
Xception 0.9494 0.9494 0.9494
CCG-DLNN+Xception 0.982 0.982 0.982
3 (96) model 0.9777 0.9777 0.9777
Xception 0.9741 0.9741 0.9741
CCG-DLNN+Xception 0.988 0.988 0.988
- (96) model 0.9868 0.9868 0.9868
Xception 0.9446 0.9446 0.9446
CCG-DLNN+Xception 0.996 0.996 0.996
(96) model 0.9886 0.9886 0.9886
Xception 0.9785 0.9785 0.9785

Table 6: The evaluation results of the three models

COVID19 Normal COVID19 Normal COVID19 Normal

sensitivity sensitivity  specificity specificity precision precision

(SIOELEINI Exit 0.98 0.97 0.97 0.98 0.92 0.989
1 Xception

(96) model 0.9437 0.9896 0.9896 0.9437 0.8417 0.9967

Xception 0.987 0.9808 0.9808 0.987 0.7512 0.9992

(SOELILNI exit] 0.98 0.992 0.992 0.98 0.752 0.992
2 Xception

(96) model 0.9527 0.9865 0.9865 0.9527 0.8069 0.9972

Xception 0.9849 0.9473 0.9473 0.9849 0.5246 0.9991

HCE-DILIIN il 0.99 0.997 0.997 0.99 0.86 0.9995
3 Xception

(96) model 0.9574 0.9788 0.9788 0.9574 0.7189 0.9975

Xception 0.9731 0.9741 0.9741 0.9731 0.6803 0.9984

(CEE-DILININ £l 0.989 0.989 0.989 0.989 0.92 0.9995

Xception

(96) model 0.963 0.9882 0.9882 0.963 0.8262 0.9978

Xception 0.9782 0.9426 0.9426 0.9782 0.4989 0.9987

(SIOELEINI Exit 0.985 0.981 0.981 0.985 0.893 0.9996

Xception

(96) model 0.9311 0.9919 0.9919 0.9311 0.8693 0.996

Xception 0.9778 0.9785 0.9785 0.9778 0.7249 0.9987
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Training Loss and Accuracy on COVID-19 Dataset
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Figure 7: The training loss and accuracy in 50 epochs for the three models (a) Xception model (b) [36] model

(c) CCG-DLNN +Xception model

Table 7: The training time in minutes for the three models on NVIDIA GeForce RTX 2070 GPU

Model

Training Time of each Epoch (m)

CCG-DLNN+Xception model
(96) model

Xception model

From all the previous results, we can observe that our system
improved the detection of COVID 19 from CT scan lung

images.
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