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Abstract

COVID-19 disease, an outbreak in the spring of 2020, reached very alarming dimensions for humankind due to many
infected patients during the pandemic and the heavy workload of healthcare workers. Even though we have been saved
from the darkness of COVID-19 after about three years, the importance of computer-aided automated systems that support
field experts in the fight against with global threat has emerged once again. This study proposes a two-stage voting
framework called ETSVF-COVIDI19 that includes transformer-based deep features and a machine learning approach for
detecting COVID-19 disease. ETSVF-COVID19, which offers 99.2% and 98.56% accuracies on computed tomography
scan and X-radiation images, respectively, could compete with the related works in the literature. The findings demonstrate
that this framework could assist field experts in making informed decisions while diagnosing COVID-19 with its fast and
accurate classification role. Moreover, ETSVF-COVID19 could screen for chest infections and help physicians, particu-

larly in areas where test kits and specialist doctors are inadequate.
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1 Introduction

COVID-19 is a contagious disease with a high death rate
[1]. The World Health Organization first informed on Dec
31, 2019, that it became aware of this virus with a series of
‘viral pneumonia’ cases in Wuhan, People’s Republic of
China [2]. Scientists and policymakers have been con-
cerned about the quick contagion of this disease [3].
Because of countless infected patients during the pandemic
and the heavy workload of the healthcare worker, artificial
intelligence-based computer-aided systems can assist field
experts by speeding up the diagnosis process. In cases with
few radiologists, these systems contribute to more accurate
disease diagnosis in less time [1]. Medical imaging has a
role in the diagnosis of this disease. A chest X-radiation
(X-ray) is a type of radiography imaging that is commonly
used for COVID-19 detection. X-radiation was discovered
by German scientist W. C. Rontgen in 1895 [4]. Computed
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tomography (CT) scan is a chest radiography image that
utilizes X-ray to create three-dimensional images of the
lungs [5]. Radiological examinations, particularly thin-
section lung CT, are crucial to deal with this infectious
disease [6]. A chest CT scan image provides a detailed
view of the patient’s blood vessels, organs, soft tissues, and
bones, as well as more details about the patient’s health [7].
Clinicians could make quick decisions using the COVID-
19 detection system [8]. In another respect, manually
examining chest CT scan images for this disease is tedious,
takes too much time, and tends to make human mistakes
[9]. Since the COVID-19 outbreak, convolutional neural
networks (CNN) that have become attractive with perfor-
mances in disease diagnosing have been used [1]. In this
context, many deep learning approaches have been pro-
posed since the emergence of the disease. These strategies
show promise for automating COVID-19 diagnosis and
reducing the strain on medical systems [10]. Several
researchers analyzed both chest X-ray and CT scan images
using computer vision approaches that presented good
results. For example, Acar et al. [1] presented a study that
includes normalization, data augmentation, pre-trained
CNN models, and classification. Babukarthik et al. [11]
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proposed a genetic deep learning architecture to identify
this disease. Balaha et al. [12] introduced hybrid learning
with optimized hyperparameters. Gupta and Bajaj used two
different pre-trained models and a deep learning model
they designed from scratch and reported that DarkNet19
achieved the highest classification accuracy of 98.91% [9].
Hosseinzadeh presented the multi-view feature learning
framework. They reported that their model, which combi-
nes the features extracted through AlexNet, GoogleNet,
ResNet50, SqueezeNet, and VGG19 pre-trained deep CNN
models, outperformed pre-trained models [13]. Jalali et al.
used the K-nearest neighbors classifier, which takes the
neighborhood labeling agreement into account in the last
layer of the CNN they proposed. In addition, they auto-
matically tuned CNN hyperparameters with an evolution-
ary algorithm they developed and improved the
classification accuracy [14]. Khan et al. developed a CNN
architecture that extracts deep features from the chest CT
scan images. Then, they used the correntropy technique to
select the most distinguishing deep features and classified
them using the one-class kernel extreme learning machines
[15]. Khurana and Soni compared the performances of
several CNN models and achieved promising results with
ResNet50 [16]. Liu et al. [17] performed multidirectional
data augmentation and extracted features. Then, they
classified the fused features. Loey et al. first used condi-
tional generative adversarial nets and classical data aug-
mentation techniques. Then, they conducted state-of-the-
art deep CNN and achieved the best test accuracy with
ResNet50 [18]. Moghaddam and Gholamalinejad proposed
a new deep learning architecture that includes the Haar
wavelet on the pooling layer to perform simultaneous
dimension reduction and feature extraction [19]. Nayak
et al. examined the performances of some pre-trained deep
learning models for COVID-19 classification efficiency.
Then, they conducted comparative analyses by tuning the
hyperparameters of the models to determine the best model
in their study [20]. Nigam et al. [21] conducted experi-
ments with state-of-the-art CNN models and achieved
93.48% accuracy with the EfficientNet-B7 model. Rahim-
zadeh et al. [22] applied the dropout technique to the CNN
architectures and used the softmax activation function in
the output layer. Roy and Kumar combined the predictions
of the pre-trained CNN models and classified them with
ensemble modeling [23]. Sahin introduced a scratch CNN
model with 30 batch size, le-4 learning rate, and Adam
optimization algorithm. The author reported that their
model outperformed the pre-trained MobileNetv2 and
ResNet50 models with an accuracy of 96.71% on the
testing set [24]. Lastly, Zhang et al. [25] applied aug-
mentation techniques on the original training dataset and
achieved high classification accuracy with their proposed
deep comparative mutual learning. In addition, three-class
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experiments were also conducted for COVID-19. For
example, Shi et al. [10] first addressed the issue of insuf-
ficient data and then designed a four-layer network archi-
tecture based on the ‘model capacity model complexity’
balance concept to detect COVID-19 from chest X-ray
images automatically. Kavya et al. employed the VGG16
and ResNet50 deep learning models to identify COVID-19
cases from chest X-ray images. They employed data aug-
mentation and random sampling approaches to deal with
unbalanced data [26]. Budak et al. [27] used transfer
learning-based deep learning models to diagnose COVID-
19 from chest X-ray images and achieved high diagnostic
accuracies using DenseNet121 and DenseNet201 models.
Karaci trained CNN models on the lung region images,
which they detected with the YOLOv3 deep learning
model and achieved very high success [28]. Nasser et al.
proposed a smart healthcare system using IoT and cloud
technology. The authors employed the ResNet50 deep
learning model for COVID-19 detection in their suggested
system [29]. Islam et al. detected COVID-19 using a hybrid
architecture of CNN and recurrent neural networks (RNN).
The authors employed CNN to extract complicated features
from samples and RNN to classify them, and they reported
that the VGG19-RNN architecture surpassed all other
networks in terms of accuracy [30]. Li et al. used depth
separable neural networks and extended and depth sepa-
rable convolutional neural networks for detecting COVID-
19. The first one employed LeNet-5, VGG16, and ResNet-
18, while the second used VGG16 and ResNet-18 as its
backbone [31].

The COVID-19 diagnosing process can be time-con-
suming and also error-prone for radiologists. On the other
hand, the similarity between COVID-19 and pneumonia
types makes it difficult for radiologists to diagnose the
disease accurately. Deep learning techniques, which are
faster than RT-PCR testing, could distinguish COVID-19
cases and non-COVID-19 cases [27]. Machine learning and
deep neural networks are core components of current
computer-assisted works for issues in medicine. In partic-
ular, deep learning presents good results in medical
imaging due to its high feature extraction capability [24].
Generally, the researchers used the approaches summarized
below to detect COVID-19 automatically.

e Extracting features with CNN models and then con-
ducting machine learning experiments

e Applying data augmentation techniques on the datasets
that have class-wise imbalanced

e Applying CNN hyperparameter tuning techniques

e Performing ensemble learning approaches such as
stacking and boosting

This study addressed two distinct voting strategies that
include hybrid models that presented promising results in
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the experiments. Furthermore, the contrast-limited adaptive
histogram equalization (CLAHE) and median filter image
pre-processing techniques are applied to the original ima-
ges to extract meaningful feature maps and performance
improvement. The models’ performances are validated on
the two-class CT scan images and three-class or X-ray
images published in the Kaggle and Mendeley repositories,
respectively. To the author’s best knowledge, transformer
architectures used in this study have not been conducted on
these datasets so far. Overall, an efficient voting framework
capable of performing high-accuracy classification called
ETSVF-COVID19 is introduced. The letters ‘E,” ‘T,” ‘S,
‘V,” and ‘F’ in the ’ETSVF-COVIDI19’ refer to efficient,
two, stage, voting, learning, and framework words,
respectively. In brief, the primary contributions of this
paper are summarized as follows.

e CLAHE and the median filter are conducted on the
original images to improve the robustness of the
proposed model.

e The deep feature maps of CT scan and X-ray images are
extracted using cutting-edge transformer architectures.

e Machine learning experiments are conducted on the
deep features.

The remainder of this paper is arranged as follows.
Section 2 introduces a brief review of the methodology
used in this study. Section 3 addresses the experiments, and
Section 4 presents the results. Section 5 discusses the
results with state-of-the-art related works in the literature.
Finally, Section 6 summarizes the paper with concluding
remarks and possible future works.

2 Methodology
2.1 Transformers

Transformers, proposed by Vaswani et al. [32], are widely
used in spine models for natural language processing and
computer vision tasks. An origin transformer has input and
output sequences [33]. A transformer includes an encoder
and decoder. The encoder’s function is to encode the rep-
resentation vector matrix, which is necessary for feature
extraction. The decoder’s function is to predict the output
based on the encoded information’s input matrix. The input
sequence is converted into an output sequence by com-
bining the two parts [34]. With their computational effi-
ciency and scalability, transformers have played a role in
many computer vision tasks [35]. A query and a set of key—
value pairs are mapped to an output where the query, key,
value, and output vectors are in the attention mechanism,
an essential feature in a transformer. The output matrix is
calculated as Equation 1 [32]:

Attention(Q, K, V) = softmax (QKT> 1% (1)
U Vi

where Q, K, and V refer to the query, key, and value,
respectively, and 1/+/d; is the scaling factor.

Transformer-based works, which have become promi-
nent recently, are carried out, albeit limited. For example,
Li et al. used a transformer fusing CNN architectures to
segment malignant thyroid nodules automatically. The
authors composed a multiscale fusion module to incorpo-
rate multiscale feature maps into their proposed model
[36]. Hu et al. [37] used a transformer-based model to
predict early Alzheimer’s disease and obtained 77.2%
classification accuracy. Leng et al. [34] employed a sensing
transformer-based model developed for peripheral blood
leukocytes and achieved a sensitivity performance of
94.3%.

2.2 Classification and performance evaluation

Classification in machine learning refers to a modeling task
in which a class label is predicted for input data. For this
purpose, the performance of a model built on a certain part
of the dataset is verified on the remaining part. The clas-
sification performance of a model is measured using sev-
eral metrics, such as accuracy, precision, sensitivity, and
specificity in machine learning experiments. The mathe-
matical expressions of the metrics for datasets having two
classes are given in between Egs. 2 and 5.

TP + TN
Accuracy(Acc) = . @
TP +FN + TN + FP
TP
Precision (Pre) = ——— ®)
TP + FP
TP
S .t- .t S e — 4
ensitivity (Sen) TP + EN @
PP . TN
Specificity (Spe) = TN + FP ®)

where true negative TN, false positive FP, true positive TP,
and false negative FN are the parameters that measure the
performance of any classifier. Precision (Pre) refers to the
ratio of the number of correctly classified positive samples
to the number of positively classified samples. Accuracy
(Acc) indicates the model’s overall correct classification
ratio. Sensitivity (Sen) denotes the rate of correctly clas-
sifying positive cases, whereas specificity (Spe) denotes the
rate of negative cases correctly classified. In multi-class
problems, the handled class is regarded as positive, while
others are negative. Accordingly, class-wise measurements
are obtained for each class by using the metrics in Egs. 2, 3,
4, and 5. Then, the average measurement values are cal-
culated using the expressions given in Egs. 6 and 9.
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Table 1 Information of the
classifiers with default
parameter settings

Table 2 Libraries and frameworks used in this study

Classifier Parameter

Explanation

MLP Hidden_layer_sizes=100
Activation="relu
Solver="adam’
Learning_rate_init=0.001
Early_stopping=False

SVM C=1.0
Gamma="scale’
Kernel="rbf’

RF n_estimators=100

Criterion="gini’
Max_depth=None
Max_features="sqrt’
XGBoost Gamma
Learning_rate
Max_depth

Neuron number in the ith hidden layer
Activation function

Weight optimization

Weight updates

Terminate model training
Regularization parameter

Kernel coefficient

Radial basis function

Number of trees

A quality measure of a split
Maximum depth of a tree

Number of features for the best split
Degree of conservative

Weight updates

Maximum depth of a tree

Task

Image processing
Feature extracting
Classifying
Plotting

Library

AverageAcc =
Opencv, skimage, numpy
PyTorch
Scikit-learn, XGBoost Average Pre =
Matplotlib

Figure 1 Some CT scan
samples from Dataset #1 (from
up to bottom rows; normal,
COVID-19)
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Figure 2 Some X-ray samples
from Dataset #2 (from up to
bottom rows; normal,
pneumonia, COVID-19)

Table 3 Dataset information

Dataset Original images CLAHE-enhanced images CLAHE-enhanced and median-filtered images
Dataset #1 Dataset #1.a Dataset #1.b Dataset #1.c
Dataset #2 Dataset #2.a Dataset #2.b Dataset #2.c

Table 4 Transformer-based

. . . Parameter Transformer architecture

deep learning architectures with

parameter values LeViT PoolFormer Swin SwinV2 ViT
Hidden_size(s) [128, 256, 384] [64, 128, 320, 512] - - 768
Patch_size(s) 16 [3, 7] 4 4 16
Hidden_act - ‘gelu’ ‘gelu’ ‘gelu’ ‘gelu’
Drop_path_rate 0 0.0 0.1 0.1 -

#classes #classes
AverageSen = ——— Sen(c 8 AverageSpe = ——— Spe (¢ 9
g #classes kz:; () ) £8ep #classes kz:; pe (<) ®)

Another metric used to verify the classification perfor-
mance of a model is the receiver operating characteristic
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Figure 3 Workflow for
evaluating hybrid models’
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(ROC) curve. The ROC curve represents the relationship
between true positive rates and false positive rates. The
true positive rate refers to the ratio of accurately predicted
positives to total positive data. The false positive rate refers
to the ratio of incorrectly predicted negatives to total
negatives. While the area under curve (AUC) score near
one suggests that the model accurately identified the data,
this score near zero indicates that a model misclassified
samples [38]. Overall, the great area in the ROC curve and,
thus, an AUC value close to one indicate that a model has
high classification performance.

3 Experiments
3.1 Experimental environment

All experiments were performed with Python 3 Google
Compute Engine backend (GPU) having 12.7 GB RAM
and 15 GB GPU RAM configurations. The LeViT [39],
ViT [40], PoolFormer [41], Swin [42], and SwinV2 [43]
transformer architectures were utilized for deep feature
maps. In addition, support vector machines (SVM) and
multi-layer perceptrons (MLP) traditional classifiers and
random forest (RF) and extreme gradient boosting
(XGBoost) ensemble classifiers with default parameter
settings were used for classification in machine learning
experiments. Table 1 introduces the classifiers information
used in this paper. Furthermore, the PyTorch [44], Scikit-
image [45], Opencv [46], Matplotlib [47], Numpy [48],
Scikit-learn [49], and XGBoost [50] libraries summarized
in Table 2 were utilized in experiments.
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3.2 Datasets

Two public datasets were used to validate the success of
the proposed voting framework in this study. First, the
publicly available SARS-CoV-2 CT scan dataset [51] was
comprised by Soares et al. [51] from real patients in hos-
pitals in Sao Paulo, Brazil, to stimulate the research and
methods to detect whether a person is infected with SARS-
CoV-2 by CT scan image. This dataset includes 1252 CT
scans of COVID-19 positive patients and 1230 CT scans of
uninfected patients. Second, the public chest X-ray PA
dataset contains 6939 lung X-ray images collected from
different sources [52]. The dataset has three classes: 2313
with COVID-19, 2313 with pneumonia, and 2313 with no
diagnosis, or those categorized as normal. It noted that
‘Dataset #1° and ’Dataset #2’ indicate the first and second
datasets used in this study. Figures 1 and 2 depict some
chest CT scan and X-ray images from Dataset #1 and
Dataset #2, respectively.

3.3 Pre-processing

CLAHE and median filter pre-processing techniques were
also applied to the images in Dataset #1 and Dataset #2.
The CLAHE corrects the difference in small areas of the
image so that the histogram of these areas can conform to
the specified histogram shape. Bilinear interpolation is used
to connect adjacent tiles [53]. The median filter is applied
to an image using a floating window. The median value of
the corresponding window is used to replace the center
pixel of an N*N neighborhood [54]. This study also
obtained two datasets, including CLAHE-enhanced images
and CLAHE-enhanced and median-filtered images,
through the image pre-processing methods mentioned
above. In this context, the CLAHE was applied to the
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Figure 4 General block diagram of Scenario #1

original images, and then, the median filter was applied to
the CLAHE-enhanced images. Accordingly, two datasets
were included in experimental studies in addition to the
original dataset. All images were resized to 224 x 224 for
transformer architectures. Throughout the paper, the
denotations for original images and pre-processed images
are summarized in Table 3. Accordingly, ‘Dataset #1.a’
and ’Dataset #2.a’ include the original images. ‘Dataset
#1.b’> and ’Dataset #2.b’ include the CLAHE-enhanced
images, and ‘Dataset #1.c’ and ’Dataset #2.c’ include the
CLAHE-enhanced and median-filtered images,
respectively.

3.4 Machine learning and voting strategies

Transformer-based architectures are commonly used for
feature extraction and modeling tasks in machine learning.
This study used transformer-based deep learning architec-
tures to extract deep features from images. Transformer
architectures were used with default parameter values that
are summarized in Table 4. A hybrid model refers to the
combines of a feature extractor and a classifier in this

E Original images

E CLAHE-enhanced images

E CLAHE-enhanced and median-filtered images

e e e e e )

study. The feature extractor is located in the backbone of
the hybrid model. For example, the feature extractor is
ViT, and the classifier is MLP in the ViT+MLP hybrid
model. This study employs several classifiers to determine
the best classifier for deep features extracted from the
medical images using transformer architectures. The clas-
sifiers were trained using the features extracted by trans-
former models from Dataset #1 and Dataset #2, and the
best-performing classifiers for each transformer were
detected. Classifiers’ training and validation processes
were conducted on the same training and testing sets with a
fair approach. 80% of the datasets were reserved for
training classifiers, and the remaining parts were reserved
for evaluating the performances of these classifiers. Fig-
ure 3 demonstrates the workflow for model training and
testing processes. Then, Scenario #1 and Scenario #2 were
conducted on the classifiers’ predictions to provide a robust
framework for COVID-19 detection. The majority voting
technique was carried out in both scenarios. Briefly,
majority voting determines the class label that received the
most votes from the predictions of all models as the final
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Figure 5 General block diagram of Scenario #2

result. To avoid repeatedly using the *'majority’ word, only
the word ‘voting’” was preferred throughout the paper.

Scenario #1 individually detects the classifiers that
perform high performance on the deep feature sets for each
of the three datasets and then applies the voting approach
based on the predictions of these classifiers. For example,
the classifier that presents high accuracy on the SwinV2
deep feature sets of Dataset #1.a, Dataset #1.b, and Dataset
#1.c was determined. Likewise, other hybrid models that
include best classifiers on other four feature sets were
detected. Then, the voting of the predictions of these five
models was conducted. Figure 4 demonstrates the work-
flow of Scenario #1.

Scenario #2 is a two-stage voting strategy called
ETSVF-COVIDI19. The first step of this strategy detects
the classifiers that present high accuracy on each of the
deep feature sets extracted from each dataset separately and
votes on the predictions of these models. Accordingly, the
results of four classifiers on the deep feature sets of Dataset
#1 and Dataset #2 were evaluated in the first step of this
scenario. For example, the MLP classifier performed better
than others on each of the ViT feature sets extracted from
Dataset #1.a, Dataset #1.b, and Dataset #1.c. Therefore,
predictions of ViT+MLP hybrid models were voted on in
this scenario. The same process was carried out on the
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other deep feature sets. Thus, the first step was conducted.
Then, the five prediction results of the first step were voted
in the second step of this scenario. Figure 5 demonstrates
the workflow of Scenario #2.

4 Results

In this study, the models’ performances were verified on
two public datasets. One of the datasets contains two-class
CT scan images, while the other contains three-class X-ray
images. In addition to the original images, experiments
were conducted on the CLAHE-enhanced images and
CLAHE-enhanced and median-filtered images, as well.
Accuracy, sensitivity, specificity, and precision measure-
ments of the hybrid models that were used in two scenarios
are presented in Tables 5 and 7, respectively. It should be
mentioned that the performance measurements summa-
rized in the related tables and figures were obtained on the
testing images for all experiments that the hybrid models
had never seen before. Accordingly, Table 5 presents
detailed performance measures for all classifiers on Data-
sets #l.a and #2.a that include original images. When
evaluated using the accuracy measure, MLP outperformed
others on all deep feature sets extracted from Dataset #1.a.
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Table 5 Performance results of
the hybrid models on original
images

Transformer architectures

Classifier

Performance results (%)

Dataset #1.a Dataset #2.a

Acc Sen Spe Pre Acc*  Sen*  Spe*  Pre*

LeViT SVM 90.14 89.24 91.06 91.06 9596 9395 9698 94.22
RF 85.11 86.45 83.74 8444 9438 91.57 9578 91.57
XGBoost 8491 84.46 8537 8548 9572 9359 96.79 93.66
MLP 95.57 9482 9634 9636 9644 94.67 9733 94.76
PoolFormer SVM 9356 9124 9593 9582 96.78 95.17 97.59 95.32
RF 87.93 86.06 89.84 89.63 94.62 9193 9597 91.95
XGBoost  86.12 84.06 8821 87.92 9625 9438 97.19 9442
MLP 9557 96.02 9512 9526 9693 9539 97.69 95.55
Swin SVM 9235 8924 9553 9532 96.64 9496 97.48 95.25
RF 89.34 88.05 90.65 90.57 9477 92.14 96.08 92.23
XGBoost  90.54 90.44 90.65 90.80 96.16 9424 97.12 9441
MLP 96.18 95.62 96.75 96.77 9645 94.67 9733 94.80
SwinV2 SVM 9296 9124 9472 94.63 96.73 95.10 97.55 95.26
RF 90.54 90.84 90.24 90.48 95.15 9272 9636 92.83
XGBoost  90.74 89.64 91.87 91.84 9635 9452 97.26 94.65
MLP 97.59 97.61 9756 97.61 96.54 9481 97.40 94.93
ViT SVM 90.14 86.85 93.50 93.16 96.16 9424 97.12 94.70
RF 88.13 88.84 87.40 87.80 9577 93.66 96.83 93.77
XGBoost  89.34 88.45 90.24 90.24 9649 9474 9737 95.0
MLP 9457 9562 9350 9375 96.83 9524 97.62 95.32

*Indicates average measures

As seen in this table, the SwinV24+MLP hybrid model
showed the best performance with 97.59% accuracy,
97.61% sensitivity, 97.56% specificity, and 97.61% preci-
sion. On the contrary, LeViT+XGBoost offered relatively
poor performance with 84.91% accuracy, 84.46% sensi-
tivity, 85.37% specificity, and 85.48% precision. On the
other hand, the PoolFormer+MLP appears to offer the
highest accuracy on Dataset 2.a. This model presented
96.93% average accuracy, 95.39% average sensitivity,
97.69% average specificity, and 95.55% average precision.
In addition, LeViT+RF offered relatively low performance
with 94.38% average accuracy, 91.57% average sensitivity,
95.78% average specificity, and 91.57% average precision
on this dataset.

Table 6 presents detailed performance measures for all
classifiers on Datasets #1.b and #2.b that include CLAHE-
enhanced images. As seen in this table, the MLP classifier
performed better than others on the deep feature sets of
Dataset #1.b. The MLP classifier achieved the highest
accuracy of 97.59% on the SwinV2 features set. Also, this
classifier presented 94.77%, 95.98%, 94.97%, and 95.37%
accuracies on the LeViT, PoolFormer, Swin, and ViT sets,
respectively. In addition, LeViT+SVM, PoolFor-
mer+MLP, Swin+MLP, SwinV2+MLP, and ViT+XG-
Boost presented best average accuracies with 96.06%,

96.01%, 96.49%, 95.96%, and 95.96%, respectively, for
Dataset #2.b.

Table 7 presents detailed performance measures for all
classifiers on Datasets #1.c and #2.c that include CLAHE-
enhanced and median-filtered images. As seen in this table,
the MLP classifier outperformed others for Dataset #l.c.
This classifier offered the highest classification accuracies
of 93.76%, 95.37%, 95.57%, 97.38%, and 94.37% on the
LeViT, PoolFormer, Swin, SwinV2, and ViT sets, respec-
tively. Furthermore, it appears that LeViT+MLP, Pool-
Former+MLP, Swin+MLP, SwinV2+MLP, and
ViT+MLP performed best average accuracies with
95.63%, 96.74%, 96.45%, 96.40%, and 96.06%, respec-
tively, for Dataset #2.c.

Figure 6 presents the classification accuracies of hybrid
models for Dataset #1.a, Dataset #1.b, and Dataset #1.c.
Also, Fig. 7 presents the classification accuracies of each
hybrid model for Dataset #2.a, Dataset #2.b, and Dataset
#2.c. For example, the ViT+SVM hybrid model with a
90.14% accuracy value is shown by the first green color bar
in Fig. 6a. The bold ones on the bars in these Fig. s rep-
resent the highest accuracies for related datasets in the
experiments. Accordingly, the hybrid models that include
the MLP classifier presented the highest accuracies for
Dataset #1.a, Dataset #1.b, and Dataset #1.c. In addition, it
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Table 6 Performance results of

the hybrid models on CLAHE- Transformer architectures Classifier Performance results (%)
enhanced images Dataset #1.b Dataset #2.b
Acc Sen Spe Pre Acc*  Sen*  Spe*  Pre*
LeViT SVM 89.74 87.65 91.87 91.67 96.06 94.09 97.05 94.26
RF 85.71 8526 86.18 86.29 94.04 91.06 9553 91.05
XGBoost 87.32 86.85 87.80 8790 9534 9301 96.51 93.11
MLP 9477 94.82 9472 9482 9553 9330 96.65 93.39
PoolFormer SVM 91.55 88.05 95.12 94.85 9592 9388 96.94 94.09
RF 8592 84.46 8740 87.24 94.14 9121 9561 91.21
XGBoost 8893 8645 9146 91.18 9539 93.08 96.54 93.19
MLP 9598 9641 9553 95.65 96.01 94.02 97.01 94.06
Swin SVM 90.14 87.65 92.68 9244 95.68 93.52 96.76 93.85
RF 86.12 8526 86.99 86.99 9438 91.57 9579 91.74
XGBoost  88.33 87.25 89.43 89.39 9525 9287 9644 93.04
MLP 9497 9442 9553 9556 9649 9474 97.37 94.86
SwinV2 SVM 9276  92.03 9350 93.52 95.82 9373 96.87 93.96
RF 88.33 89.24 8740 87.84 940 90.99 9550 91.16
XGBoost 90.95 89.64 9228 9221 9549 9323 96.61 93.46
MLP 97.59 9841 96.75 96.86 9596 9395 9698 94.13
ViT SVM 90.95 89.24 92.68 92.56 95.68 93.52 96.76 93.85
RF 89.13 90.04 88.21 88.63 9529 9294 9647 93.06
XGBoost 88.73 89.64 87.80 88.24 9597 9395 9697 94.10
MLP 9537 95.62 95.12 9524 9596 9395 9697 94.04

*Indicates average measures

can be stated that the models that mainly include MLP and
SVM classifiers offer the highest accuracies for Dataset #2.

The accuracy results demonstrate that hybrid models,
which integrate transformer-based deep features and clas-
sifiers, are satisfactory and reliable diagnostic models. In
this context, the accuracy metric was utilized to identify
hybrid models that should take part in Scenarios #1 and #2.
It should be noted that when the hybrid models present the
same accuracies, the model with the lower false negative
value was preferred in two scenarios. As Kathamuthu et al.
[55] stated, false positives and patient quarantine are
preferable to mistaking a positive case for a negative one
and allowing disease transmission. Fig. s 8 and 9 show the
confusion matrix results of both scenarios for two-class and
three-class datasets, respectively. Accordingly Fig. 8a
presents Scenario #1’s confusion matrix on Dataset #1. As
seen here, three COVID-19 cases and five No COVID-19
cases were misclassified in this scenario. Similarly, Fig. 8b
presents Scenario #2’s confusion matrix on this dataset.
Scenario #2 misclassified three COVID-19 cases and only
one no COVID-19 case. In addition, it is seen that 6
COVID-19 images were classified as normal in Scenario #1
for Dataset #2. There are no COVID-19 images classified
as pneumonia. 32 pneumonia images were classified as
normal, and one was classified as COVID-19. Lastly, only
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five images in the normal class were classified as pneu-
monia in this scenario. Furthermore, it is seen that only one
COVID-19 image was classified as normal, and two were
classified as pneumonia in Scenario 2. Also, only one
pneumonia image was classified as COVID-19, and 25
images in the pneumonia class were classified as Normal.
Lastly, only one image in the normal class was classified as
pneumonia. There are no images classified as COVID-19
for this class. Overall, the EFV4COVID-19 framework has
fewer false positives and false negatives compared to
Scenario #1 in experiments on both Dataset #1 and Dataset
#2.

Table 8 shows the class-wise results and average mea-
sures of two scenarios, including the most successful
hybrid models for Dataset #1 and Dataset #2. The accu-
racy, precision, sensitivity, and specificity measures in this
table present the performances of two scenarios in this
study. Overall, ETSVF-COVIDI19 has satisfactory classi-
fication performance in terms of these metrics. This
framework correctly classified COVID-19 images at a ratio
of 99.6% and correctly classified images with no findings at
a rate of 98.78% in Dataset #1. In addition, COVID-19
images were classified correctly at a ratio of 98.8%, while
images with no findings were classified correctly at a ratio
of 97.97% in Scenario #1. This is also available for Dataset
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Table 7 Performance results of

the hybrid models on CLAHE- Transformer architectures Classifier Performance results (%)
enhanced and median-filtered Dataset #1.c Dataset #2.c
images
Acc Sen Spe Pre Acc*  Sen*  Spe*  Pre*
LeViT SVM 91.15 90.04 9228 9224 9529 9294 9647 93.16
RF 87.53 85.66 89.43 89.21 9390 90.85 9543 90.89
XGBoost 86.32 86.85 85.77 86.17 950 9251 96.26 92.65
MLP 93.76 9442 93.09 9331 95.63 9344 96.72 93.48
PoolFormer SVM 91.55 90.44 92.68 92.65 9649 9474 97.37 9493
RF 86.72 86.85 86.59 86.85 94.57 91.86 9593 91.89
XGBoost 87.32 89.64 8496 8588 9592 9388 9694 93.96
MLP 9537 9721 9350 93.85 96.74 95.10 97.55 9522
Swin SVM 9296 9044 9553 9538 9596 9395 9698 94.29
RF 87.53 87.25 87.80 87.95 9457 91.86 9593 91.96
XGBoost 89.54 8845 90.65 90.61 9524 92.87 9643 93.07
MLP 95.57 9522 9593 9598 9645 94.67 97.33 94.80
SwinV2 SVM 93.36  92.03 94.72 94.67 9573 9359 96.79 93.82
RF 89.34 8845 90.24 90.24 9395 90.92 9546 91.06
XGBoost 90.14 8845 91.87 91.74 9558 9337 96.69 93.65
MLP 9738 9841 9634 9648 9640 94.60 97.30 94.76
ViT SVM 89.74 88.45 91.06 90.98 9505 9258 96.29 92.84
RF 84.51 86.06 8293 83.72 94.72 92.07 96.04 92.10
XGBoost  85.11 86.45 83.74 84.44 9568 9352 96.76 93.67
MLP 94.37 9641 9228 9272 96.06 94.09 97.04 94.12

*Indicates average measures

#2, where multi-class classification is conducted. EFV4-
COVID-19 more correctly identified COVID-19 images
than images in pneumonia and normal classes for Dataset
#2. EFV4COVID-19 accurately identified COVID-19
images by 99.35%, pneumonia images by 94.38%, and
normal images by 99.78%. As seen from experimental
results, Scenario #1 and Scenario #2 improved the hybrid
models’ achievements for Dataset #1 and Dataset #2. It is
noteworthy that EFV4COVID-19 correctly classified both
true positives and true negatives at such a high rate in two-
class classification and offered better performance than
Scenario #1. Also, the average elapsed times of Scenario
#1 and Scenario #2 for images in the testing sets of Dataset
#1 and Dataset #2 were calculated. Accordingly, Scenario
#1 and Scenario #2 performed the average diagnosis pro-
cess on the 497 images that belong to Dataset #1’s testing
set with 2.388 and 7.008 s, respectively. In addition, Sce-
nario #1 and Scenario #2 performed the average diagnosis
process on the 1388 images that belong to Dataset #2’s
testing set with 2.394 and 6.756 s, respectively. The
average diagnosis times of the proposed model are con-
sidered acceptable. In addition, it should not be overlooked
that the system configuration has an effect on the diag-
nosing time. Overall, the absence of false negatives and
false positives is especially desirable in the analysis of

medical images. In this respect, it is very valuable that
ETSVF-COVID19’s diagnosis time is about 7 s.

Figure 10 depicts the ROC curves of Scenario #1 and
Scenario #2 for Dataset #1. Also, Fig. 11 shows the ROC
curves of both scenarios on the Dataset #2. The ROC
curves especially show that Scenario #2 offered higher
class-wise AUC values than Scenario #1 on Dataset #1 and
Dataset #2. Overall, the ETSVF-COVID19 framework
accurately classified testing images on both two-class and
three-class datasets. This indicates that the framework can
effectively distinguish between COVID-19 and non-
COVID cases.

5 Discussion

By this time, many studies have been conducted on this
disease. Table 9 summarizes the related works and this
study. It is remarkable that many CNN-based works have
been performed for COVID-19 disease and offered high
classification accuracies. Balaha et al. [12] obtained
99.33% classification accuracy with stacked deep learning
modeling. Khan et al. [15] selected the most distinctive
ones from the features and reached 95.1% classification
accuracy. Khurana and Soni achieved 98.9% accuracy

@ Springer



Neural Computing and Applications (2024) 36:18277-18295

=} w o

W w B 3 + + -
h o = S o~ o~ 2%
+ + + o+ W W W%
e & £ = 3 2 25

| | | ]

LE°56 I

CE'[8 I ). SE€° /6 I
21799 m— T Y106 I ——— .

<
o)
o2}
00

#1s
....m..N
&,
Q

P m— 7y, T P—',
SS'T6 N—— 5€)e 9/°'76 EE———— %u.w,_.,@
(¢ g

18288

72 06 I
€6'/8 Immmm— Y506 m—
99°E6 I aﬁww@m 96'76 I N%&&,@
Q o
© o~ o0 < o
o o ® © © m & & ¥ X B
(%) Adeandoy (%) Adeandoy
= o & s o o e]
G) = = @
g2 x = 7 8 %3 5 e 23
+ + + + + + + + + - . -
._W = £ E £ £ £ &£ E F E E
3 % T 9 : 2 2 2 5 5 5 5
— -l - - %] wy w [¥5]
— E B E = E =& m = " = ® =
N
7€°98 I— V6 I—
€5°/8 m— 0y LS'S6 : 2 £ERS TGS — O
ST'T6 mE— 7 15 ool Ly . 1SV mmmmm  £# )5
Se i /8 I— 19 — L'68 I Se
eq 96°26 leg ) 2eg
I
LEwe Ayey | 16'V6 L€°S6
1758 97, =372 1y £LB8 E— ).
.68 HE— &.ww@ ; 08 E— 950 S6°06 —  Se
eo v1°06 leg g
LS7S6 I 81°'96 LS'V6
T6 7S M s, X ” '68 I .
. T1°58 m— ,...N.a. vm.uw.mm QN.% v.mmmmww |m~.§
¥T°06 I ,Nw,,,@m GE'T6 ,a,...&m 7106 —— ,Nwwmcm
Q@ Q Q
© ~ o0 < o =) © o o0 <« o =) © ~ L) < =)
(%) Adeandoy (%) Adeandoy (%) Adeanaoy

Fig. 6 Results of hybrid models on Dataset #1; a LeViT+Classifiers, b PoolFormer+Classifiers, ¢ Swin+Classifiers, d SwinV24-Classifiers,

e ViT+Classifiers

pringer

& s



18289

Neural Computing and Applications (2024) 36:18277-18295

2
-
2 s 2 5
s @ o 5 & % =
7 & £ 3 A
+ + + +
£ & K & E E E B
E E E = 5 & & 2
E E E =
I ‘06 IE———
cn%m.mmm 1 2 vmwmmmm 22,
B 7 S L
9 S6'C6 I 2
= 67°06 Seleq o S — &,Emo
T0'96 I
96'S6 I
6£'S6 I ——
vT'v6 |¢w_w 6v's6 7e,
76'S6 I o, _— V6 —— #smwm
o am.Q ———— uwQ
- S
R mww.qm I m...v.g. vm%%m mlm m..v%
'G6
896 II—— uoﬁdm. €96 I u&.&m
Q Q
[=] ~ - w
g 5 % 3 3 4 g 5 ¥ & 8 &
(%) Aseanooy (%) Aseandoy
et
a 7
o Q
o o
W w O W_ < 8 =
h £ x = e 9 s
R 22 2
EEEE £ f &
CTRT I TR R
— — — — W (%2 ] [*2] W
H B E B | | | | | |
£9°'G6 I O S7'96 I > .
mm. 1 Nkwm...., 72'S6 n—— .._.w.fw
- €6 I €)p — LS76 I S€)p
© 67'56 I— aq %) 96°S6 I aq
€ () . I
mmmmmm.|¢~%~ o mw.mm —— >,
FO'76 I mwmc 8Evo n— % )3
90°96 I € 89°S6 I mcmo
P 06 I ——————————— ST 96 I
2156 I— - I
mm.mmmm 76 |I Wkgwwmu vw_.‘wmm&m |mw.3&.
&, I — &
% “eg
g8 5 3 & 8 8 g 5 3 & 8 %
[ ]

(%) Aseandoy (%) Aoranooy

W VT + SVM

W ViT + RF

W ViT + XGBoost
W ViT + MLP

g 5 % 3 8 4

(%) Adeandoy

pringer

Qs

Fig. 7 Results of hybrid models on Dataset #2; a LeViT+Classifiers, b PoolFormer+Classifiers, ¢ Swin+Classifiers, d SwinV2+Classifiers,

e ViT+Classifiers



18290

Neural Computing and Applications (2024) 36:18277-18295

Figure 8 Confusion matrices of
the both scenarios on Dataset
#1; a Scenario #1 b Scenario #2
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Figure 9 Confusion matrices of
the both scenarios on Dataset
#2; a Scenario #1 b Scenario #2 2 2\
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Il?:lsecznfr?f;rllﬂzgtglc;zis izf Dataset Scenario Class Sen (%) Spe (%) Pre (%) Acc (%) Elapsed time (sec)
Dataset #1  Scenario #1 No COVID-19 97.97 98.80 98.77
COVID-19 98.8 97.97 98.02
Average 98.39 98.39 98.40 98.39 2.388
Scenario #2 No COVID-19 98.78 99.6 99.59
COVID-19 99.6 98.78 98.81
Average 99.19 99.19 99.20 99.20 7.008
Dataset #2 Scenario #1 Normal 98.92 95.90 92.32 96.90
Pneumonia 92.87 99.46 98.85 97.26
COVID-19 98.70 99.89 99.78 99.50
Average 96.83 98.42 96.98 97.89 2.394
Scenario #2 Normal 99.78 97.19 94.66 98.05
Pneumonia 94.38 99.68 99.32 97.91
COVID-19 99.35 99.89 99.78 99.71
Average 97.84 98.92 97.92 98.56 6.756

with the ResNet50 deep learning network [16]. Loey et al.
[18] achieved 82.91% classification accuracy with
ResNet50 on the augmented images using conditional
generative adversarial nets. Rahimzadeh et al. [22]
achieved 98.49% classification accuracy by the deep

@ Springer

learning approach they proposed on automatically selected
fertile regions of CT scan images to detect COVID-19
disease. Kogilavani et al. [56] obtained a 97.68% value of
accuracy using the VGG16 deep learning network. Arda-
kani et al. [57] achieved 99.51% classification accuracy



Neural Computing and Applications (2024) 36:18277-18295 18291
a) b)

1.0 1.0
o 0.8 o 0.8
Ll L
T ©
o o
$os Y o6
= )
0 ‘0
o e}
B 04 Q04
] [}
= =
= =

0.2 0.2 _

ROC curve of class No Covid-19 (AUC = 0.984) ROC curve of class No Covid-19 (AUC = 0.992)
<4— ROC curve of class Covid-19 (AUC = 0.984) — ROC curve of class Covid-19 (AUC = 0.992)
0.0 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

False Positive Rate

Figure 10 ROC curves with AUC values of both scenarios on Dataset #1; a Scenario #1 b Scenario #2

a)

1.0
v 0.8
o
©
o
206
=
a
o
& 0.4
()
2
= 0.2 ROC curve of class Normal (AUC = 0.974)

' +4+— ROC curve of class Pneumonia (AUC = 0.962)
=+— ROC curve of class Covid-19 (AUC = 0.993)
0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

b)

1.0
v 0.8
Ll
©
o
206
b=
v
&

0.4
()
2
= 0.2 ROC curve of class Normal (AUC = 0.985)

' 1 ROC curve of class Pneumonia (AUC = 0.970)
4+— ROC curve of class Covid-19 (AUC = 0.996)
0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
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through ResNet-101 and Xception pre-trained networks in
their studies via various pre-trained models. The following
two works in the two-class section of this table used the
same dataset as this study. Ahmad et al. [5] achieved
98.56% classification accuracy. Gupta and Bajaj reached
98.91% classification accuracy with DarkNetl9 deep
learning model [9]. Zhang et al. [25] introduced a deep
comparative mutual learning name model and got 97.42%
classification accuracy on the dataset containing enriched
SARS-CoV-2 CT scan images. Furthermore, it is available
in three-class works. Shi et al. [10] achieved 96.25%
accuracy with their proposed lightweight networks model.
Kavya et al. [26] achieved an average accuracy of 91.39%
with the ResNet50 model in their study for COVID-19
detection. Budak et al. [27] achieved 98% diagnosis
accuracy with the DenseNetl2]1 and DenseNet201 pre-
trained models. Nasser et al. [29] achieved 98.6% accuracy
with the ResNet50 deep learning model in the IoT-based
system they proposed for COVID-19 detection. The last
two works in the three-class section of this table used the
same dataset as this study. Islam et al. [30] achieved

99.86% accuracy with their proposed VGGI19-RNN
architecture. Li et al. [31] achieved 93.63 £ 0.76% success
with dilated and depthwise separable convolutional neural
networks for COVID-19 detection. Lastly, Karaci1 proposed
a cascade deep learning model and achieved 99.84% and
97.16% accuracies in the two-class and three-class data-
sets, respectively [28].

To the author’s knowledge, the previous works include
feature engineering and classification approaches. Those
studies revealed that various CNN-based experiments are
successful in detecting COVID-19 disease. This study
aimed to create a robust framework for COVID-19 detec-
tion. With this aim, the classifiers were trained on deep
feature maps extracted with transformer architectures.
Then, the results of the classifiers that reached the best
performance on the datasets were voted in two scenarios.
The findings revealed the effectiveness and potential of
ETSVF-COVID19 in contributing to the detection of
COVID-19 by field experts. Particularly, achieving high
success on both datasets is considered to be the success of
the proposed artificial intelligence model. Experiments
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Table 9 Comparing the ETSVF-COVID19 with the existing studies.

Number of classes Study Model Dataset Acc (%)

Two-class Balaha et al. [12] Stacked deep learning Other 99.33
Khan et al. [15] Deep features and classifier Other 95.1
Khurana and Soni [16] ResNet50 Other 98.9
Loey et al. [18] Conditional generative adversarial nets + ResNet50 Other 82.91
Rahimzadeh et al. [22] ResNet50V2, feature pyramid network, and classification Other 98.49%
Karaci [28] VGGCOVI19-NET Other 99.84
Kogilavani et al. [56] VGG16 Other 97.68
Ardakani et al. [57] ResNet-101 Other 99.51
Ahmad et al. [5] Lightweight ResGRU Same 98.56
Gupta and Bajaj [9] DarkNet19 Same 98.91
Zhang et al. [25] Deep contrastive mutual learning Same 97.42
This study ETSVF-COVID19 Same 99.2

Three-class Shi et al. [10] Lightweight networks model Other 96.25
Kavya et al. [26] ResNet50 Other 91.39*
Budak et al. [27] DenseNet121 and DenseNet201 Other 98

Karaci [28] VGGCOVI9-NET

Other 97.16

Nasser et al. [29] ResNet50 Other 98.6*
Islam et al. [30] VGGI19-RNN Same 99.86
Liet al. [31] Dilated and depthwise separable convolutional neural networks Same 93.63+ 0.76
This study ETSVF-COVID19 Same 98.56

*Average accuracy value
The result of ETSVF-COVIDI19 is in bold font

showed that the ETSVF-COVID19 is a promising approach
with achieved competitive accuracy for detecting COVID-
19 on both CT scan and X-ray images. As a result, the
ETSVF-COVID19 demonstrated a strong performance in
COVID-19 detection, comparable to other state-of-the-art
methods in the literature. Overall, this study provides
valuable information on using transformer architectures as
feature extractors for diagnosing COVID-19 disease; it
should be noted that this study also has some limitations
addressed below.

Experiments with various paradigms highlight the
superior performance of ETSVF-COVIDI19, supporting its
broader applicability and generalizability for COVID-19
detection. However, building a more robust model based
on domain adaptation by working with datasets from dif-
ferent sources is inevitable for an artificial intelligence
system that provides more reliable decision support for
field experts. So, field experts can reach for a clear dis-
tinction between classes, allowing for more accurate pre-
dictions. In addition, applying feature engineering methods
such as feature fusion and feature selection on feature maps
obtained from different dataset sources will be the right
operations to demonstrate the robustness of the classifier
model. The second limitation is that transformer-based
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features were sent directly to machine learning algorithms
in this study. Although the best of the four algorithms was
detected in experimental studies, hyperparameter tuning
was not addressed in experiments. More successful models
could be built with hyperparameter tuning for classifiers
needed for expert systems that will assist field experts. The
third limitation is that the datasets used in this study con-
tain two classes and three classes. Modeling studies on
datasets, including other lung diseases, will be an even
more appropriate approach.

6 Conclusion

This paper introduces ETSVF-COVID19, which includes
deep learning-based state-of-the-art models and a two-
stage voting strategy, which differs from other voting
approaches in the literature for COVID-19 diagnosis
detection. Here, transformer architectures acted as the
backbone of the hybrid models. Detailed experiments were
carried out on two publicly available datasets containing
2482 and 6939 images, using accuracy, specificity, sensi-
tivity, and precision performance metrics to assess the
performances of the proposed approach. ETSVF-COVID19
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presented 99.20% accuracy, 99.19% sensitivity, 99.19%
specificity, and 99.20% precision on Dataset #1 and
98.56% average accuracy, 97.84% average sensitivity,
98.92% average specificity, and 97.92% average precision
on Dataset #2. Consequently, ETSVF-COVIDI19 presented
promising results on the CT scans and X-ray images for
COVID-19 detection. Thus, this framework could be
helpful for radiologists and favorable for use in real-world
scanning environments. Furthermore, this study has the
importance of providing decision support to field experts in
taking rapid measures for the isolation of patients infected
with COVID-19 and its variants in order to slow the spread
of the virus. The suggestions are listed below:

e New transformer models could be included to design
more efficient hybrid frameworks.

e Integration of transformer and fusion techniques could
lead to more good results.

e The ETSVF-COVIDI9 could be used in other computer
vision experiments.

It is planned to investigate more effective fusion
strategies to enhance the detection of COVID-19-infected
patients. Moreover, working with other diseases to improve
the model’s robustness is among the target works.
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