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Abstract
The rapid spread of coronavirus disease has become an example of the worst disruptive disasters of the century around the
globe. To fight against the spread of this virus, clinical image analysis of chest CT (computed tomography) images can play
an important role for an accurate diagnostic. In the present work, a bi-modular hybrid model is proposed to detect COVID-19
from the chest CT images. In the first module, we have used a Convolutional Neural Network (CNN) architecture to extract
features from the chest CT images. In the second module, we have used a bi-stage feature selection (FS) approach to find out
the most relevant features for the prediction of COVID and non-COVID cases from the chest CT images. At the first stage
of FS, we have applied a guided FS methodology by employing two filter methods: Mutual Information (MI) and Relief-F,
for the initial screening of the features obtained from the CNN model. In the second stage, Dragonfly algorithm (DA) has
been used for the further selection of most relevant features. The final feature set has been used for the classification of the
COVID-19 and non-COVID chest CT images using the Support Vector Machine (SVM) classifier. The proposed model has
been tested on two open-access datasets: SARS-CoV-2 CT images and COVID-CT datasets and the model shows substantial
prediction rates of 98.39% and 90.0% on the said datasets respectively. The proposed model has been compared with a few
past works for the prediction of COVID-19 cases. The supporting codes are uploaded in the Github link: https://github.com/
Soumyajit-Saha/A-Bi-Stage-Feature-Selection-on-Covid-19-Dataset

Keywords Coronavirus · COVID-19 dataset · Deep learning · Feature selection · Dragonfly algorithm · Chest CT image ·
Convolutional neural network

1 Introduction

The rapid spread of COVID-19 infection has created an
intensive impact on both the physical and mental health of
the people throughout the world. The dangerous COVID-
19 virus was first observed in December 2019 in Wuhan,
China. It then started spreading rapidly by transmitting
the virus from China to other countries. This in turn has
forced the people to restrict themselves at home, and pulled
almost all countries and territories worldwide in a pandemic
situation. Each day, thousands of people are getting infected
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with this dangerous virus [1, 2]. According to the record
of WHO (World Health Organization), a total number of
people infected by COVID-19 disease is 16,114,449 with
646,641 deaths as of 27 July 2020 [3].

WHO has declared COVID-19 a global health emergency
on January 30, 2020. [4]. The general symptoms of COVID-
19 disease include fever with cough, fatigue, and breathing
problem, loss of taste and smell [5]. Mohamadou et al. in
[6] presented a review on COVID-19 that includes various
medical images, case reports, management strategies, etc.
According to the authors, both mathematical modelling and
AI techniques can be considered as reliable tools to fight
against COVID-19 disease. According to the authors in
[7], chest X-ray and CT-scan images (radiological images)
may play an important role for accurate diagnosis of this
disease. A few radiologists suggest chest X-ray images to
diagnose COVID-19 cases because maximum radiological
laboratories and hospitals have X-ray machines through
which the chest images of the patients can be achieved easily
[8]. However, chest X-ray images can not distinguish the
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soft tissues perfectly [9]. To overcome this problem, CT-
scan images are used which can detect such soft tissues
efficiently. Several researchers [10–15] have demonstrated
the effectiveness of using CT images for the proper
diagnosis of COVID-19 affected person.

The present study attempts to design a classification
model which can distinguish the COVID-19 affected people
from the normal people when chest CT images are supplied
to the model. Initially, a CNN model has been used to
generate the features from the chest CT images. However,
the dimension of feature vector generated is quite large
(800 feature attributes). Hence, we have proposed a bi-
stage FS approach to select the optimal feature subset. In
the first stage, two different filter methods called Mutual
Information (MI) and ReliefF are used to rank the feature
attributes. As the ranking of the attributes are diverse and
sometimes data dependent, we ensemble the output of
filter based techniques by taking the union of top-n ranked
features of each method. This ensemble technique combines
the information produced by these two rankings into a
common subset. we have used a meta-heuristic algorithm
called Dragonfly algorithm (DA) [20] based FS method
in the second step for the optimization of the feature set
generated in first stage. This optimal feature subset is fed to
SVM classifier for the prediction purpose.

The key contributions of the proposed work are briefly
mentioned below:

1. An effective hybrid model has been designed to predict
COVID-19 disease by combining deep learning (DL)
and meta-heuristic-based wrapper FS approaches.

2. The model uses CNN to generate powerful features and
applied a bi-stage FS method to eliminate the redundant
and non-informative features, thereby minimizing the
computational time for the training of the model.

3. Efficiency of the proposed model has been evaluated on
two publicly available chest CT image datasets namely,
SARS-CoV-2 CT image dataset [16] and COVID-CT
dataset [17].

4. The efficiency of the model has been compared with
some existing methods, and the significance of the
obtained results has been verified through a statistical
test.

We have used DA in the second stage of the proposed bi-
stage FS procedure for the effective prediction of COVID-
19. Mafarja et al. in [18] have introduced DA as an efficient
FSmethod, in which 18 datasets fromUCI machine learning
repository were used. It was demonstrated that the DA
performs better than other FS techniques such as binary
grey wolf optimizer (BGWO) [52], binary gravitational
search algorithm (BGSA) [53], binary bat algorithm (BBA)
[54], particle swarm optimization (PSO) [55], and genetic
algorithm (GA) [56] etc. Hammouri et al. in [19] showed

the superiority of DA based FS method when considered
the same datasets mentioned in [18]. Mirjalili et al. in [20]
and Ranolds in [21] demonstrated the merits of DA in FA
and other problems. Looking into the effectiveness of DA
in various FS applications, we have chosen this algorithm in
our proposed work.

The organization of the paper is mentioned as follows:
Section 2 describes a few research contributions made
by the other authors for the prediction of COVID-19.
Section 3 gives the brief description of the used database.
Section 4 reports the proposed hybrid model in detail.
Feature extraction using the CNN model and a bi-stage FS
procedure to select the most relevant features have been
discussed in detail in this section. The outcomes observed
in the current experiment have been mentioned in Section 5.
Finally, the conclusion of the present work along with a few
future directions has been reflected in Section 6.

2 Related work

Recently many researchers across the globe have proposed
machine learning (ML) and DL-based image analysis
procedures for the prediction of COVID-19 disease,
and thereby helping the medical practitioners for proper
diagnosis. A number of seminal research works related to
the prediction of COVID-19 from X-ray images and chest
CT images have been addressed in this section.

Zhang et al. have used a ResNet model to predict
COVID-19 cases [1]. They applied their proposed model
on chest X-ray image dataset that consists of 1078 images
from both COVID-19 and non-COVID patients. Their
experiment successfully detects COVID cases with 96%
accuracy. In [22], Wang et al. used a CNN for COVID-
19 detection and achieved 92.6% test accuracy. In this
experiment, they considered X-ray images of COVID-19
patients, Pneumonia patients, and normal people. A detailed
analysis on COVID-19 classification has been reported by
Narin et al. in [23]. Authors have used three popular DL
models namely, ResNet50, Inception-V3 and Inception-
ResNetV2 on chest X-ray images. Abbas et al. proposed
a CNN based model called DeTraC for the prediction of
COVID-19 from chest X-ray (CXR) images in [24]. This
system can detect irregularities in the image by observing its
class boundaries using class decomposition technique. Their
proposed system can detect COVID cases with 95.12%
recognition accuracy. Sethy et al. [66] used a DL based
method for the extraction of features from CXR images and
applied the SVM classifier for the prediction.

In [25], Khan et al. presented CoroNet, a DCNN (Deep
CNN) model to apply image processing algorithms on X-
ray images for the prediction of COVID-19 . Maghdid
et al. [26] demonstrated the effectiveness of DL-based

8986 S. Sen et al.



model for the analysis of COVID-19 cases more accurately
with fast response. They prepared a dataset comprising CXR
and chest CT images from different sources and developed
a system for COVID-19 prediction by involving DL and
TL (Transfer Learning) techniques. Razzak et al. [27] used
pre-trained weights to improve the recognition performance
by using TL based approach and compared their results
with other CNN models. Authors in [28] proposed a
Self-Trans approach for the prediction of COVID-19
disease that combines the power of self-supervised learning
algorithm and TL based technique to extract more powerful
and unbiased features. Sahlol et al. [30] proposed a
hybrid approach for the classification of COVID-19. They
employed a CNN model to extract the features from CXR
images and MPA (Marine Predators Algorithm [57]) based
FS procedure to identify most relevant features for effective
recognition.

Some notable research works for the prediction of
COVID-19 cases on chest CT images have been briefed
here. In [29], Tang et al. considered the chest CT images
as an important component for the assessment of COVID-
19 severity. The authors proposed an ML-based technique
for the assessment of COVID-19 severity from the chest
CT images and achieved 87.5% classification accuracy.
Farid et al. [33] demonstrated the analysis of Corona
disease virus on the basis of a probabilistic model. Their
proposed methodology extract features from chest CT
images for the prediction of COVID-19 disease. They used a
combination of statistical and ML-based methods to extract
features from CT images and achieved 96.07% recognition
accuracy. He et al [28] proposed a Self-Trans approach
that combines self-supervised learning and transfer learning
approach to produce powerful and unbiased features that
helps to achieved 86% recognition accuracy. Loey et
al. [58] presented classical data augmentation techniques
with Conditional Generative Adversarial Nets (CGAN)
and predicted COVID-19 using a deep transfer learning
model with 82.9% correct classification accuracy. Mobiny
et al. [60] integrates the power of Capsule Networks with
different architectures for the improvement of classification
accuracy. Their proposed model classify the COVID-19
cases with 87.6% accuracy. Different DL-based techniques
have been adopted by the Authors [61, 62, 64] to improve
the prediction capability of COVID-19 cases. Authors in
[63] proposed a deep uncertainty-aware TL framework
for the prediction of COVID-19 using medical images.
Authors have used VGG16, ResNet50, DenseNet121,
and InceptionResNetV2 to extract deep features from
the images. The features are then fed to different ML
and statistical model for final classification purpose and
achieved 87.9% accuracy. The approach proposed by Ewen
et al. [65] aims to determine whether the self supervision
strategy is a good option for COVID-19 prediction. The

methodology proposed by the authors [28, 58, 60] for the
prediction of COVID-19 has lower recognition rate. Work
mentioned in [61] used light CNN for the prediction purpose
hence it is less time consuming but recognition accuracy
is low. Whereas, works mentioned in [62, 64] achieves
better recognition accuracy but consumes more time. To
reduce the overall classification time and also to work with
small dataset, authors in [63] used TL-based technique and
achieved descent outcome.

A few researchers have also tried to identify the most
relevant features using different FS-based techniques for
better prediction of COVID-19 cases. Al-qaness et al. in
[31] proposed an improved ANFI (Adaptive neuro-fuzzy
inference) system for forecasting the confirm cases of
COVID in China. The proposed system works on SSA (Salp
Swarm algorithm) which is an enhanced flower pollination
algorithm. Shaban et al. in [32] introduced a novel CPDS
(COVID-19 Patients Detection Strategy) methodology for
the prediction of COVID-19. They introduced a hybrid
FS process that elects most informative features from the
features computed from the chest CT images of COVID-
19 patients and non COVID-19 person. Their proposed
technique combines the information from both filter and
wrapper based FS methods. Authors have achieved a
recognition accuracy of 96% and also the process is less
time consuming as the feature selection technique reduces
the features count by tracking the useful features.

From the above discussion about the existing research
works, it is clear that many researchers throughout the globe
have involved themselves for the automatic prediction of
the COVID-19 cases by analyzing the chest X-rays or CT-
scans. In this regard, ML, DL and TL based approaches
have made a significant contribution to the computer based
COVID-19 screening. However, it has been observed that
DL-based techniques are slow, and some of the past methods
produce lower recognition accuracy. On the other hand, FS-
based approaches are able to make the model more robust
by eliminating the features which do not contribute much to
the classification process. As a result, time required to train
the model gets reduced and classification accuracy of the
learning model gets enhanced. Keeping these facts in mind,
in the current study, a bi-stage classification model has been
proposed where CNN is involved for feature extraction,
guided-FS is used for the initial screening of the features
coming from CNN and lastly, the DA-based FS technique
is used to select the most relevant features for the better
prediction of COVID-19 cases.

3 Proposed bi-stage hybrid model

In the present work, we have considered SARS-CoV-2 CT
scan image database and COVID-CT database to predict
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COVID-19 cases. Figure 1 highlights the working procedure
of the proposed model. At the beginning of our algorithm,
we consider CNN as a feature extractor. The CNN applied
on the chest CT images produces 800 feature attributes.
As the produced feature set is of high dimension, a bi-
stage FS approach is applied to select the most relevant
features. In the first stage, a guided-FS technique is applied
where the features generated from CNN are ranked by two
filter methods namely MI and ReliefF separately. Different
filter based techniques rank the feature attributes differently
because the rule of assigning the rank is different for the
two filter methods. Hence, we utilize a simple ensemble
technique by taking the union of the top-n features produced
by these two filter based methods. The resultant feature set
is then passed through DA for the selection of final and more
optimal feature subset in the second stage. This optimized
feature subset is then used for the prediction of COVID and
non-COVID chest CT images.

The detailed working procedure of feature extraction
using CNN and the bi-stage FS technique used to find most
effective optimized feature set (as shown in Fig. 1) are
mentioned in the following subsections.

3.1 Feature extraction using CNN

CNN is the most utilized architecture where the image is
fed into an input layer, which propagates through multiple
hidden layers and lastly produces the prediction probability
through the output layer. These hidden layers consist of a
series of convolutional layers followed by pooling layers
that try to detect and learn very complex features and
patterns belonging to the images of a particular class. These
are the reason for tremendous success of CNN models
in field of computer vision and its various applications.
Even though CNN performs great in the task of image
classification, there are a couple of limitation to this. Firstly,

Fig. 1 Flowchart of the
proposed model for the
prediction of COVID and
non-COVID cases from chest
CT images
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to provide more accurate predictions, the CNN model needs
to be trained on a large dataset to include a different kind of
possible variations. However, as of now, large sized datasets
are not publicly available which can be used for DL based
COVID-19 screening. Hence, in the current work, instead
of using the CNN model for the prediction of COVID cases,
we have used it for extraction of powerful features, and then
the feature vector so obtained is passed to the bi-stage FS
technique followed by a SVM classifier based classification
of the input chest CT images.

The proposed CNN model considers images of size
224x224 in the input layer. The input layer is followed by
a Convolutional layer, a Batch Normalization layer and a
Maxpooling layer. This set of layers is repeated four times
with various number of filters having a size of (3 x 3). All
neurons in these layers have the ReLU (Rectified Linear
Unit) as their activation functions. The final Convolution
layer consists of 8 filters of size (3 x 3) followed by fully
connected layers having ReLU activation. For all these
layers, stride of size (1x1) is used in Convolutional layers
and stride of size (2x2) is used in Maxpooling layers. An
overview of this architecture is shown in Table 1. From
the last Convolutional layer, a total of 800 features are
generated from each image sample. Total parameters of
this architecture are 66,079, where trainable parameters are
65,727 and the rest 352 are non-trainable parameters.

3.2 Feature selection

A feature extraction procedure may generate a few redundant
and irrelevant features in the feature space. It is imperative
to eliminate those redundant and irrelevant feature attributes
as removal of which not only helps to enhance the
overall classification accuracy but also minimizes the
computational overheads [35]. This is commonly performed
by a FS technique. FS is defined as a procedure to select

Table 1 Detail of the CNN architecture used for the purpose of feature
extraction from the chest CT images

Layer Type Filter size Number of filters Strider

Input 224x224x3 − − −
Conv 1 CL+BN+ReLu 3x3 64 1x1

MPL 1 − 2X2 − 2X2

Conv 2 CL+BN+ReLu 3x3 64 1x1

MPL 2 − 2X2 − 2X2

Conv 3 CL+BN+ReLu 3x3 32 1x1

MPL 3 − 2x2 − 2x2

Conv 4 CL+BN+ReLu 3x3 16 1x1

MPL 4 − 2x2 − 2x2

Conv 5 CL+BN+ReLu 3x3 8 1x1

Output Sigmoid − − −

a subset from a set of candidate features that exhibits the
best performance under some classification system [36,
37]. The various FS-based algorithms mentioned in the
literature can be categorized into three groups namely, filter-
base, wrapper-based, and embedded methods [50]. The
filter methods use a statistical or probabilistic approach to
score/rank the feature attributes and on the basis of the
assigned score, feature attributes are either get selected or
removed before entering into the classification model. The
wrapper methods are often used in coalition with a ML
algorithm, where the impact of the feature attributes are
validated by the learning algorithms, which in turn select
the optimal feature subsets to augment the classification
accuracy. In contrary, an embedded model embeds FS
within a specific ML based algorithm. In the proposed work,
we have used a bi-stage approach to select most relevant
features from the CNN produced feature set so that a
near-perfect CT scan image based COVID-19 classification
system can be designed. The adopted approach has been
mentioned in detail in the following sub-sections.

3.2.1 Guided FS

In the present study, the effectiveness of a bi-stage FS-based
procedure has been shown to reduce the feature space for
the prediction of COVID-19 cases from the CT scan images.
In the first stage, we incorporate a filter based guided FS
technique [38] to remove statistically weak features from the
search space and considered the reduced feature set as an input
to the wrapper based FS module in the next step. In [39],
authors have used an efficient guided FS technique where
non-negative spectral clustering has been used to recognize
cluster labels of the input samples more accurately. To
perform our guided FS, we consider two popular filter
methods namely, MI [40–42, 51] and ReliefF [43–47].

MI can be defined as a measure of the amount of
information that one random variable A owns through
the other variable Y https://thuijskens.github.io/2017/10/07/
feature-selection/. The MI between two variables A and B
is computed by using (1).

I (A; B) =
∫

A

∫
B

p(a, b)log
p(a, b)

p(a)p(b)
dadb (1)

where, p(a,b) represents the joint probability density
function of A and B. p(a) and p(b) describe the marginal
density functions. MI basically determines the similarity
between the joint distribution p(a,b) with respect to the
products of the factored marginal distributions. If A and B
are two independent variables, then the value of p(a,b) and
p(a)p(b) will be same and thus the integral value will be zero
in this case.

Relief has been proved as very useful and success-
ful attribute selection procedure [44, 47]. This method is
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capable of estimating the conditional dependencies between
attributes very efficiently and thus can deliver an amalgamate
view on attribute selection in both regression and classifi-
cation problems. The basic Relief algorithm measures the
quality of feature attributes on the basis of distinguishing capa-
bility between instances, those are closer to each other [48].

However, the original Relief algorithm works with
nominal and numerical attributes. This algorithm works on
two-class problems only and also cannot handle incomplete
data. ReliefF, the extension of Relief algorithm, can solve
these issues. Like original Relief algorithm, ReliefF also
selects an instance x and then finds k nearest neighbors
(instead of two neighbors in Relief algorithm) that belong
to the same class (also known as nearest hits Hj (x)) and
different classes (nearest missesMj (x)). Next, the algorithm
updates the value of Wf (also known as quality estimation)
for all attributes f by considering their values for x, Mj (x)
and Hj (x). The value of Wf gets decreased if the values
of x and Hj (x) are different for attribute f, which is not
desirable (means the attribute f separates the two instances
of same class). In contrary, the value of Wf gets increased
if the values of x and Mj (x) are different for attribute f,
which is desirable (means the attribute f separates the two
instances of different class). The updating formula, given in
(2) is similar to the Relief algorithm, except that we take the
average contribution of all the hits and all the misses. This
algorithm is repeated for m number of times, where m is a
user-defined parameter.

Wi+1
f = Wi

f +
∑

c �=class(x)

p(x)
1−p(class(x))

∑k
j=1 diff (x,mj (x))

mXk

−
k∑

j=1

diff (x,mj (x))

mXk
(2)

where diff() measures the distance between two samples
on the feature f, and p(x) is the probability of a class. The
Euclidian distance is used to calculate the inter-class and
intra-class distances of the samples and is mentioned in (3).

D(x, y) =
√√√√ N∑

i=1

(xi − yi)2 (3)

As mentioned earlier, MI and ReliefF methods has been
used here to assign the rank to each attribute of the feature set
generated from the CNN model used here. We have selected
two feature sets P and Q, each consists of n number of
highest ranked feature attributes. Then we have performed
a union operation to generate a new feature set Z such that
Z=P ∪ Q. The resultant feature set Z has served as input
feature vector for DA based FS technique. The steps used
in guided FS technique has been mentioned in Algorithm
1. In our case, the values of N and M are set to 300 and
150 respectively. It is to be noted that we have applied this

guided FS on the training set only. The feature indices so
selected are used to choose the features from the test set.

Algorithm 1 Steps used in the guided FS.
INPUT: Feature set obtained from CNN model.
OUTPUT: Reduced feature set having at most N
number of important features.
Step 1: Rank the features separately using two filter
methods - MI and ReliefF.
Step 2: Select the highest ranked M number of features
obtained using MI and ReliefF separately.
Step 3: Perform an ensemble of features sets i.e, union
of the two feature sets so as to produce at most N
number of features to be used for the classification
purpose.
End

3.2.2 Dragonfly algorithm

In [19], Hammouri et al. have proposed an enhanced
meta-heuristic FS algorithm, where dragonfly swarm utilize
its static and dynamic swarming behaviours in nature to
explore the search space and determine the optimal solution
for a given optimization problem. The DA algorithm [20]
uses three principals of swarming introduced by Reynolds
et al. [21] as follows:

– Separation (Si), ensures to avoid the static collision
of the individuals from the others belonging to the
neighborhood position.

– Alignment (Ai), matches the velocity of individuals
with respect to the others belongs in neighborhood.

– Cohesion (Ci), describes the propensity to move
towards the center of mass of the neighborhood.

To implement the above ideas of Separation, Alignment and
Cohesion, (4) – (6) have are used in DA [20].

Si = −
N∑

j=1

X − Xj (4)

Ai =
∑N

j=1 Vj

N
(5)

Ci =
∑N

j=1 Xj

N
− X (6)

where, X denotes the current position of the dragonfly, Xj

represents the position of j th neighbour, Vj represents the
velocity of j th neighborhood and N is the neighbourhood size.

According to the natural behavior, each individual
dragonfly present in a swarm tends to get attracted towards
the food source and repel the enemies. The attraction and
repulsion can be represented in mathematical terms as
defined in (7) and (8). Where X, X+ and X− represent
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the current position of the dragonfly, position of the food
source, and enemies as follow [20]:

Fi = X+ − X (7)

Ei = X− − X (8)

The updating mechanism of the position of the dragonfly
in the swarm is governed by δX (termed as step) and
the position denoted by X. The step vector determines the
direction of the movement of the dragonflies and can be
described by (9).

�Xi+1 = (sSi + aAi + cCi + f Fi + eEi) + w�Xi (9)

Where, s, a, c, f, e, w and t represent the separation weight,
alignment weight, cohesionweight, food factor, enemy factor,
inertia weight and iteration number respectively. Si , Ai , Ci ,
Fi , and Ei specify the separation, alignment, cohesion, food
source, position of enemy of ith dragonfly respectively. The
main goal of separation, alignment, cohesion, food, and
enemy factors(s, a, c, f, and e) is to explore and exploit
a wide range of area to obtain the optimal solution. The
position vectors are updated by using (10) given below [20].

Xt+1 = Xt − �Xt+1 (10)

For our proposed work, we have considered w = 0.9–0.2, s
= 0.1, a = 0.1, c = 0.7, f = 1, and e = 1 following the work
mentioned in [20].

Some of the above controlling parameters are changed
dynamically and adaptively to provide different exploratory
and exploitative behaviors for the DA algorithm. The best
solution is considered as the food course, and the worst
solution is treated as an enemy.

To enhance the stochastic behavior, randomness and
exploration, the artificial dragonflies fly around the
search space following Le’vy flight random walk when
a neighboring solution is absent [20]. In this situation,
dragonfly’s position gets updated by following the (11).

Xt+1 = Xt − Le′vy(d) × Xt (11)

where, t represents current iteration, and d is the measure-
ment of the dimension of position vectors.

The Lévy function is defined in (12), where r1 and r2
represent random numbers within the range of 0 to 1, β is a
constant value and set to 1.5 for the current experiment, and
the value of σ is measured by using (13).

Le′vy(x) = 0.01 × r1 × σ

|r2|
1
β

(12)

σ = (
�(1 + β) × sin(

πβ
2 )

�(
1+β
2 ) × β × 2( β−1

2 )
)
( 1

β
)
, where, �(x) = (x − 1)! (13)

It should be noted that we have slightly modified the DA,
where we have incorporate a feasibility checking before the
updating the position of the dragonfly. It means the new

solution set will be updated if and only if it has the higher
fitness value than the previous best food source. Here, the
fitness value for a solution vector (in our case it is a feature
vector) refers to the classification accuracy achieved by
the classifier (for the present experiment SVM classifier)
which is used to measure the efficiency of the solution
sets generated by the feature selection method. Algorithm 2
shows the basic steps of the DA.
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DA first creates a set of random solutions (in our case it is
20). The position and step vectors of dragonflies are initialized
randomly within the range of lower and upper bounds. Then
the algorithm proceeds by updating the food sources and
enemy which are the best and worst scored feature vectors
respectively, and the values of separation, alignment, cohe-
sion, food, and enemy factors (i.e., s, a, c, f, and e) are also
updated. The values of S, A, C, F, and E are calculated using
(4) – (8) and the radius of the neighborhood to be taken
under consideration has also been updated accordingly.

After this phase, a checking criterion is set where it is
tested whether the current dragonfly has any neighbors, if
so, then the position vector and the velocity vector of that
dragonfly are updated and stored in temporary position and
velocity vectors respectively following the (9) and (10).
Otherwise, the position vector of the dragonfly is updated
by taking into account Lévy fight as defined in (11) and
stored in the temporary position vector. Now, the values in
the temporary position vector are checked whether these
belong to the feature space, if not then they are brought back
to the search space again. Before moving towards to the
next iteration, the algorithm checks whether the temporary
position vector has better fitness than the existing one (food
source), and if so then it replaces the solution vector in the
swarm and also updates the velocity. The algorithm then
continues until the condition is satisfied. The condition has
been set either to obtain a desired solution or maximum
number of iterations is reached. At the end of the algorithm,
the optimal feature subset is obtained which will be used for
the classification purpose.

3.3 SVM classifier

In ML based approach, SVM can be termed as the super-
vised learning model with associated learning algorithm
to analyze data for classification and regression purposes.
Vapnik [59] proposed the SVM classifier for binary classifi-
cation problems. The main objective was to find the optimal
hyperplane f (w, x) = w · x + b to separate two classes
for a given dataset having features xεRm. In other words,
for binary classification problem and given a set of training
examples, an SVM training algorithm builds a model that
assigns new examples to one of two classes. An SVM maps
training samples to points in space to maximize the width
of the gap between the two classes. New samples are then
mapped into the same space and predicted a class based on
which side of the gap they fall.

The parameter w is learned by the SVM using the
equation mentioned in (14).

min
1

p
WT W + C

p∑
1

max(0, 1 − yi
′
(WT Xi + b)) (14)

Fig. 2 Principle of the SVM for a two-class dataset separated by
hyperplane

where wT w, C, y′ and wT x + b represent the Manhattan or
L1 norm, penalty parameter, actual label, and predictor func-
tion. Equation (14) represent L1-SVM having standard hinge
loss. Its counterpart, L2-SVM (15), providesmore stable out-
comes. Figure 2 graphically represents the principle of the
SVM for a two-class data points separated by a hyperplane.

min
1

p
‖W‖22 + C

p∑
1

max(0, 1 − yi
′
(WT Xi + b))2 (15)

4 Database used

In the present work, we consider SARS-CoV-2 CT scan
image database [16] and COVID-CT database [17] to
predict of COVID-19 disease by using the proposed model.
The SARS-CoV-2 CT image dataset consists of a total of
2,482 chest CT scan images, of which 1,252 images are of
COVID-19 infected patients and remaining 1,230 images
belong to the non-infected persons [34]. The images of
this database have been collected from the hospitalized
patients of Sao Paulo, Brazil. Yang et al. have built the open-
source COVID-CT dataset that consists of 349 COVID-19
CT images collected from 216 patients and 463 non-
COVID-19 CT images [17]. The preliminary goal to build
such databases was to provide benchmarks and facilities
research in this area. This allows researchers to conveniently
identify and test the presence of COVID-19 from the CT
scan images by applying various ML/DL based techniques,
and therefore to contribute the society for handling the
pandemic. Figure 3a and b displays some sample chest
CT scan images taken from SARS-CoV-2 CT scan and
COVID-CT databases [16, 17].

5 Experimental results and discussion

As per discussions in the preceding sections, we use SARS-
CoV-2 CT scan [16] and COVID-CT dataset [17] for
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Fig. 3 Sample images taken
from a SARS-CoV-2 CT scan
dataset, and b COVID-CT
database that are positive for
COVID-19

a

b

the prediction of COVID-19. We use a CNN model that
serves as a feature extractor for the present work, and it
produces a feature vector of 800 dimension that is passed
through two filter based methods: MI and Relief-F for the
initial screening of the features (i.e., the concept of guided
population). We have considered first 150 ranked feature
attributes, obtained from these two filter based methods
separately, to form an ensemble of these feature subsets in
which the union of the feature subsets is created. Here, it
is found that the produced feature sets are having 284 and
262 feature attributes for SARS-CoV-2 CT and COVID-CT
dataset respectively. Then these resultant reduced feature
sets have been passed through DA separately for the
final feature selection. For measuring and analyzing the
performance of the adopted methods, we have considered
SVM classifier with five performance metrics, namely
accuracy, precision, recall, F1 score and Area Under the
Receiver Operating Curve (AUC) values [49]. The Receiver
Operating Curve (ROC) is a plot of true positive rate
(i.e., TPR or sensitivity) versus false positive rate (FPR or

specificity). To measure the value of FPR (14) has been used.

FPR = FP

T N + FP
(16)

Accuracy = T P + T N

T P + T N + FP + FN
(17)

Recall = T P

T P + FN
(18)

Precision = T P

T P + FP
(19)

F1score = 2 × Precision × Recall

P recision + Recall
(20)

The parameters that have been used in the calculation of
these metrics include:

1. True Positive (TP): When a person is diagnosed for
being infected by COVID-19

2. True Negative (TN): When a person is diagnosed for
not being infected by COVID-19.

3. False Positive (FP): Incorrect detection of a healthy
person as infected by COVID-19 (positive).
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Table 2 Detail performance measures of the feature set produced by guided-FS procedure applied on features obtained from CNN model for
SARS-CoV-2 CT scan and COVID-CT dataset

Dataset Reduced feature dimension Accuracy (in %) Precision Recall F1-score AUC

SARS-CoV-2 CT scan dataset [16] 284 95.77 0.9409 0.9755 0.9579 0.9856

COVID-CT-Dataset [17] 262 85.33 0.8833 0.7794 0.8281 0.9244

4. False Negative (FN): Incorrect detection of an infected
person as a healthy (negative).

Table 2 shows the reduced feature dimension, accuracy,
precision, recall, F1 score and AUC values for features
selected through guided-FS procedure from the feature set
originally obtained from CNN model for SARS-CoV-2 CT
scan and COVID-CT dataset.

From Table 2, it can be observed that the performance
of guided-FS is quite notable as the procedure successfully
reduces the feature dimension from 800 (coming from
CNN model) to 284 and 262 respectively for SARS-CoV-
2 CT scan and COVID-CT dataset in the first step of our
proposed bi-stage FS technique used for the prediction of
COVID-19. The proposed guided-FS technique not only
reduces the feature dimension substantially by eliminating
redundant features, but also increases the classification
accuracy of the overall model. From Table 2, it can be
observed that the guided-FS procedure produces 95.77%
and 85.33% recognition accuracies for the SARS-CoV-2
CT scan and COVID-CT datasets respectively, whereas
the features coming from CNN (i.e. 800-element feature
vector) produce 94.16% and 82% classification accuracies
for the SARS-CoV-2 CT scan and COVID-CT datasets
respectively. Hence, guided-FS technique reduces 64.5%
and 67.25% feature dimension and increases the prediction
accuracy by 1.61% and 3.33% for SARS-CoV-2 CT scan
and COVID-CT datasets respectively. For the prediction
purpose, we have considered the SVM classifier with
polynomial kernel and set the value of the parameter coef0
as 2.0.

In the second stage, DA is applied on the feature set
produced by the guided-FS for the final selection of the
optimal feature subset that contains most relevant features.
The reduced feature set produced in the second stage has
been used for the prediction of COVID-19. Table 3 provides
the detailed performance measures of the applied DA for the
COVID-19 prediction. Figures 4 and 5 represent the ROC

curves for the feature set selected by guided-FS with respect
to the features obtained through CNN model and features
selected by DA with respect to the features generated using
guided-FS technique for SARS-CoV-2 CT scan dataset and
COVID-CT scan dataset respectively.

The measurements of the metrics presented in Table 3
demonstrate the efficacy of applied DA-based FS. After
thorough analysis of results in the Tables (2-3), it is
observed that the DA is able to increase the accuracy,
precision, recall, F1 score and AUC values by 0.0262%,
0.0412, 0.0023, 0.0221 and 0.0096 respectively with respect
to guided-FS technique when SARS-CoV-2 CT scan dataset
has been considered. Whereas, for COVID-CT dataset,
DA-based technique is able to hike the same metrics by
4.67%, 0.0522, 0.0612, 0.0574 and 0.017 respectively in
comparison to guided-FS procedure.

For exhaustive analysis and also to justify for choosing
SVM polynomial kernel with the value of coef0 as 2, we
have tested the same with linear kernel and varied the value
of coef0 from 0 to 3. The detailed observed outcomes is
mentioned in Table 4. From this table it can be seen that the
best result has been observed for polynomial kernel when
the value of coef0 has been set to 2.

We have also tested the efficiency of the optimized
feature vector produced by DA-based FS technique by
applying 5-fold cross validation scheme on it. Table 5
reflects the detailed observations obtained for SARS-CoV-2
CT scan dataset and COVID-CT-Dataset.

Additional test To establish the generalizability of the
proposed technique, we have also performed experiment
on a chest X-ray image database which can be found at:
https://www.kaggle.com/tawsifurrahman/covid19-radiogra-
phy-database. The proposed model extracts 800 features
applying CNN, then the guided FS technique reduces the
feature dimension to 274, finally DA selects 175 most rel-
evant features from the feature set produced by guided FS

Table 3 Details of the performance of the feature set produced by applying DA on features obtained from the guided-FS for SARS-CoV-2 CT
scan dataset and COVID-CT dataset

Dataset Reduced feature dimension Accuracy (in %) Precision Recall F1-score AUC

SARS-CoV-2 CT scan dataset [16] 179 98.39 0.9821 0.9778 0.98 0.9952

COVID-CT-Dataset [17] 168 90.0 0.9355 0.8406 0.8855 0.9414
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Fig. 4 ROC curves for the
feature set selected by guided-
FS with respect to the features
obtained through CNN model
(green line) and features selected
by DA with respect to the
features generated using guided-
FS technique (orange line) for
SARS-CoV-2 CT scan dataset

technique. At the end, the SVM classifier produces 100%
recognition accuracy with precision, recall, F1-score, and
AUC values 1. , 1.0, 1.0, and 1.0 respectively.

Table 6 provides a comparative study of some of the
past works with the current work related to the prediction
of COVID-19 disease on SARS-CoV-2 CT scan dataset
and COVID-CT dataset. The authors in [16, 34] worked
on the SARS-CoV-2 CT scan dataset for the prediction of
COVID-19. Authors in [16] have used DL based model
and Jaiswal et al. in [34] have used DenseNet201, a pre-
trained DL architecture for the prediction of COVID-19.
The methods reported in [16, 34] can predict the COVID-
19 cases with a recognition accuracy of 97.38% and 96.25%

respectively. Authors in [17, 28, 58, 60–65] have used
COVID-CT dataset to predict COVID-19 cases.

From the results tabulated in Tables 2 and 3, it has been
observed that the guided-FS step of the bi-stage FS approach
has reduced the feature vector of dimension 800 (extracted
from CNN) to dimensions 284 and 262 respectively for
SARS-CoV-2 CT scan and COVID-CT datasets. It has
rendered accuracy, precision, recall, F1 score and AUC
values of 95.77%, 0.9409, 0.9755, 0.9579 and 0.9856
respectively for SARS-CoV-2 CT scan dataset, and 85.33%,
0.8833, 0.7794, 0.8281 and 0.9244 respectively for COVID-
CT dataset. Hence, it can be said that the proposed guided-
FS technique has efficiently performed the initial screening

Fig. 5 ROC curves for the
feature set selected by
guided-FS with respect to the
features obtained through CNN
model (green line) and features
selected by DA with respect to
the features generated using
guided-FS technique (orange
line) for COVID-CT-Dataset
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Table 4 Observed outcomes after tuning the parameters of SVM classifier on SARS-CoV-2-CT scan dataset and COVID-CT dataset

Database Kernel coef0 Accuracy Precision Recall F1-score AUC

SARS-CoV-2 Linear 0 88.93 0.8798 0.9043 0.8919 0.9532

1 90.14 0.8924 0.9106 0.9014 0.9572

2 88.93 0.8508 0.9214 0.8847 0.9584

3 90.54 0.9016 0.9053 0.9035 0.9732

Polynomial 0 92.15 0.9774 0.864 0.9172 0.9732

1 95.77 0.9736 0.9364 0.9546 0.9848

2 98.39 0.9821 0.9778 0.98 0.9952

3 95.37 0.9631 0.9438 0.9533 0.9916

COVID-CT-Datbase Linear 0 76 0.7692 0.7042 0.7353 0.8302

1 78.67 0.8136 0.6957 0.75 0.86

2 80.67 0.8169 0.7838 0.8 0.8396

3 81.33 0.8333 0.7639 0.7971 0.8534

Polynomial 0 82 0.8158 0.8052 0.8105 0.8820

1 84.67 0.8333 0.8267 0.8299 0.8932

2 90 0.9355 0.8406 0.8855 0.9414

3 87.09 0.8309 0.8194 0.8252 0.8878

of the features obtained from the CNN. DA based FS has
been applied in the second step on the reduced feature set
produced by guided-FS technique. Here, DA further reduces
the feature dimension into 179 and 169 for SARS-CoV-2 CT
scan and COVID-CT datasets respectively. After the second
stage, the obtained accuracy, precision, recall, F1 score and
AUC values are 98.39%, 0.9821, 0.9778, 0.98 and 0.9952
respectively for SARS-CoV-2 CT scan dataset, and 90.0%,
0.9355, 0.8406, 0.8855 and 0.9414 respectively for COVID-
CT dataset. From the observed outcomes, it is evident that
DA can efficiently select the most relevant features after the
initial screening by guided-FS. For both the datasets, our
proposed model provides better recognition accuracies than
the work mentioned in [16, 17, 28, 34, 58, 60–65]. Hence, it
can be inferred that the proposed bi-stage FS algorithm has
the ability to predict COVID-19 with more perfection then
its predecessors.

We have performed Wilcoxon rank-sum test [67] for
the statistical significance test of the obtained results. In
this non-parametric statistical test pairwise comparison is
performed. For each pair, we have considered the accuracy
achieved by our proposed method and the results reported
by other methods on the same database. The working
principle of Wilcoxon signed-rank test is as follows:

Let S denotes the observed value from the proposed
model, X1 and X2 denote the predicted value from model
1 and model 2 respectively. Then the absolute error of each
prediction is measured using the (21) and (22):

E1 = |S − X1| (21)

E2 = |S − X2| (22)

The substantial accuracy of prediction in a model over
other models can be determined by conducting a statistical
test (e.g. one-tailed hypothesis test). In this test, the null
hypothesis is frame in such a way that both population are
of the same distribution (E1=E2). The Wilcoxon rank-sum
test is performed at significance level of 0.05. If for an
observation, we get p-values over 0.05, we cannot reject the
null hypothesis. On the other hand, for values less than 0.05
we can reject the null hypothesis with confidence level of
95%. The p-values obtained by this test are 0.007 and 0.04
for SARS-CoV-2-CT and COVID-CT dataset respectively.
Hence, this evidences that of the proposed bi-stage FS
approach is found to be statistically significant.

Table 5 Detailed outcomes observed for 5-fold cross-validation scheme on SARS-CoV-2 CT scan dataset and COVID-CT-Database

Dataset Accuracy Precision Recall F1-score AUC

SARS-CoV-2 CT-scan-dataset 95.32 0.953 0.953 0.953 0.953

COVID-CT-Dtabase 76.01 0.761 0.760 0.759 0.834
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Table 6 Comparison of the performances of proposed model with
some existing techniques on SARS-CoV-2-CT scan dataset and
COVID-CT dataset

Dataset References Accuracy (in %)

SARS-CoV-2-CT Soares et al. [16] 97.38

Jaiswal et al. [34] 96.25

Simonyan et al. [68] 97.4

He et al. [69] 95.17

Chollet et al. [70] 94.57

Proposed work 98.39

COVID-CT Yang et al. [17] 89.1

He et al. [28] 86

Mobiny et al. [60] 87.6

Polsinelli et al. [61] 83

Dan-Sebastian et al. [62] 87.74

Shamsi Jokandan et al. [63] 87.9

Mishra et al. [64] 88.34

Ewen et al. [65] 86.21

Loey et al. [58] 82.91

Proposed work 90.0

6 Conclusion

Millions of people globally have suddenly become heavily
affected by the spread of the novel Coronavirus (COVID-
19).As a result, the research community has been trying
to harness the power of ML or DL and help the
medical personnel to accurately detect this disease. In this
work, we proposed a model in which CNN serves as a
feature extractor and a bi-stage FS procedure serves as
a mechanism to select the features with most relevance
for the prediction of COVID-19 accurately from the chest
CT images of the patient. Our proposed model was
experimented on two publicly available COVID-19 datasets
mentioned earlier and can identify the disease with 98.39%
and 90.0% classification accuracy. Although our proposed
model works better compared to other existing methods
as mentioned in Table 6, still there exist some scopes to
improve the overall performance by minimizing the error
cases. After an exhaustive analysis of the misclassified
cases, we observed that the lack of ample historical COVID
data and the poor quality of some images may be the
probable causes. In our future works, we aim to augment the
prediction accuracy of the system by introducing other filter
and wrapper combinations. We have also planned to work
with other COVID datasets. Another possible target would
be to use some well-established pre-trained CNN models to
have better features at the initial stage.
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