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Abstract
COVID-19 is an important threat worldwide. This disease is caused by the novel SARS-CoV-2. CXR and CT
images reveal speci�c information about the disease. However, when interpreting these images,
experiencing an overlap with other lung infections complicates the detection of the disease. Due to this
situation, the need for computer-aided systems is increasing day by day. In this study, solutions were
developed with proposed models based on deep neural networks (DNN). All analyzes were performed on
CXR data received on the publicly available. This paper offers a comparison of the deep learning models
(SqueezeNet, Inception-V3, VGG16, MobileNet, Xception, VGG19+MobileNet (Concatenated)) that results
in the detection and classi�cation of disease. Empirical evaluations demonstrate that the Inception-V3
model gives 90% accuracy with 100% precision for the COVID-19 infection. This model has been provided
with better results compared to other models.

Introduction
COVID-19 is an infectious disease whose �rst symptoms resemble the �u. The origin of the disease,
which �rst started in China and spread rapidly to the rest of the world, is the SARS-CoV-2 (beta
coronavirus) virus. Standard methods used for the diagnosis of COVID-19: viral nucleic acid test, chest
computed tomography imaging. The application time of these methods can take time. Elderly patients
with chronic obstructive, cardiovascular, or hypertension are vulnerable to this condition, posing serious
danger. For COVID-19 diagnosis, 47 models have been identi�ed, 34 of which are based on medical
illustrations. 16 prognostic models have been identi�ed for determining the lethal state, length of hospital
stay, and disease progression.

Symptoms such as age, body temperature, blood pressure, and creatinine are taken into account most
often when detecting COVID-19 [1]. In the global �ght against Covid-19, X-ray and computed tomography
(CT) imaging tools play an important role. However, various picture characteristics can make differences
in the interpretation of CT or X-ray scan results. Interpretation of CT or X-ray images by radiologists is
moderate in the diagnosis of COVID-19. AI technologies contribute to the power of imaging tools and
assist experts. AI-supported image analysis simpli�es work�ow by providing minimal contact with the
patient [2,3]. The combination of AI and imaging techniques can support the COVID-19 prognostic
forecast. For this reason, AI-based systems are needed to improve performance in the diagnosis of
COVID-19. In most medical imaging classi�cations, CNN is used. In some studies, SVM and RF were
used. It is stated by the researchers that the proposed models perform well on the test data. This may not
always be the case. Because classi�cation success status may change as a result of the noise situations
on real-life data [4].

Ilyas and et al. have observed ResNet, VGG19, InceptionV3 deep learning architectural results on chest x-
ray images. VGG19, ResNet, ResNet50 and InceptionV3 have with an accuracy of 98%, 96%, 95% and
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96%, respectively [5]. Diagnostic performance on Chest X-Ray (CXR) images may not be su�cient for
routine clinical use. Arti�cial intelligence is needed to improve the diagnostic performance of CXR. For
this purpose, Oh and et al. have applied U-Net, FC-DenseNet67 and FC-DenseNet103 architectures on CXR
images. It has been obtained an accuracy of 85.9%, 81.8%, and 88.9%, respectively [6]. Wang etc. applied
the COVID-Net architecture on 13,975 CXR images taken from 13,870 patients. In COVID- 19 detection, it
gave more successful prediction results than VGG-19 and ResNet-50 models [7]. Zhang etc. measured
83.61% AUC and 71.70% sensitivity on the X-VIRAL data set with the CAAD model [8]. The X-VIRAL data
set contains 5,977 viral pneumonia (no COVID-19), 18,619 non-viral pneumonia and 18,774 healthy CXR
images [9]. Farooq and etc. made COVID-19 detection on COVIDx dataset containing CXR images. In the
results obtained, approximately 13% superior performance compared to COVID-Net [10]. Mahdy and etc.
have used SVM for COVID-19 classi�cation. The results obtained included 97.48% accuracy, 95.76%
sensitivity, and 99.7% speci�city [11]. In another study, 89.2% of accuracy was achieved on the 135 non
COVID-19 and 320 COVID-19 CXR images with the ResNet50 model [12]. The COVID-CAPS model
framework based on capsule networks has presented on X-Ray images by Afhsar and etc.. It has been
more successful than CNN based models. The model achieved 95.7% accuracy in the results obtained
[13]. In the study by Minaee et al., classi�cation was made on 5000 Chest X-rays image with the help of
popular convolutional neural networks. Model implementations were carried out with Pytorch. In the
results obtained, the speci�city rate was around 90% and the sensivity rate was around 97% [14]. COVID-
19 was detected with DeTraC method proposed by Abbas and etc.. DeTrac has yielded effective results in
classifying cases [15]. In a study by Rajamaran and others, 99.01% accuracy and 99.72% AUC was
obtained with the deep learning model proposed on CXR images [16]. In a study by Apostolopoulos et al.,
96.78% accuracy was obtained in diagnosis of Covid-19 disease on X-ray images [17]. In a study by
Singh et al., 98.94% accuracy was obtained with Xception architecture on X-ray pulmonary images [18].

Studies supporting CT images are also underway. Some of the CT �ndings of COVID-19: consolidation,
pleural thickening and GGO. AI systems can help doctors or radiologists to quickly diagnose. The AI
system, which diagnoses COVID-19, has been developed by Zhang et al using CT scans. In the
classi�cation model, 361.221 CT images from 2246 patients were used for training. System performance
recommended internationally has been tested. For testing, 40,880 images from 260 patients were used.
The overall accuracy of the proposed model is ~ 92% [19]. In another study on CT images, the AI model
developed was 87% accuracy on independent test data [20]. Ardakani et al. studied 1020 CT images
(from 108 patients (COVID group) and 86 patients (non-COVID group)). For COVID detection, AlexNet,
VGGNet, GoogleNet, MobileNet, ResNet, SqueezeNet and Xception architectures were used. The best
results were obtained with ResNet-101 and Xception [21]. In another study on CT images, a deep learning
model was developed on 4352 images collected from 332 patients. AUC for COVID-19, pneumonia, and
non-pneumonia has been obtained as 0.96, 0.95 and 0.98, respectively [22].

In this paper, methods for the diagnosis of COVID-19 based on AI technique are proposed. The proposed
techniques have been evaluated on CXR scanning images. The general �ow diagram of the study carried
out for disease detection is given in Figure 1.



Page 4/14

Materials And Methods
2.1 Material

Since there is a limited source of COVID data in open access, operations have been performed on the
small dataset. In this paper, 3 different dataset was used. Each dataset is available on the Internet. The
�rst dataset was collected from two different sources. One of the sources contains COVID-19 X-ray
images. These images were developed by Cohen JP. The other source is from the ChestX-ray8 database
[23, 24, 25]. The second dataset was developed by the Canadian Image Processing Group [26,27]. The
third dataset is taken from the website, which is open to public access by COVIDEEP developers [28]. The
combination of three datasets has been studied in this study (Figure 2).

The dataset contains a total of 1521 CXR images 730 of which having pneumonia, 234 COVID-19, and
557 normal. The dataset is organized in 2 folders (train, test), as given in Table 1.

Table 1 General distribution of dataset

 

Dataset COVID-19 Pneumonia Normal (Healthy)
COVID-19+ChestX-ray8 [23, 24, 25] 125 500 500
COVID-chestxray [26, 27] 55 - -
COVIDEEP [28] 54 230 57

Training Set 209 630 457
Test Set 25 100 100

2.2  Deep Learning Models
We evaluated the performance of ImageNet pre-trained CNN models: VGGNet [29], InceptionNet [30,31],
XceptionNet [32], MobileNet [33], SqueezeNet [34]. In addition, we applied transfer learning. This method
was realized by using the ImageNet dataset. Thus, we overcome training time and insu�cient data.
Through the transfer learning technic, is kept the parameters of the previous layer and is removed the last
layer, retrained the last layer of the deep learning model. Before the training phase, images have been
reshaped to 256x256. Also, data augmentation is one of the important parts before training to reduce
over�tting. So, techniques used for augmentation in this study: geometric transforms such as zoom,
rescaling, rotation, horizontal �ip, vertical �ip, and shearing transformations. Deep learning models are
designed for the detection of disease without requiring any handcrafted feature extraction. In this study,
we augmented the data of CXR images, then used the deep learning models to extract features
automatically, then used the Softmax classi�er to detect COVID-19. Finally, it was compared with various
deep learning models (Figure 3).

VGGNet has two different variations: VGG16 and VGG19. VGG16 was trained on ImageNet dataset of
1000 classes. It uses 16 layers, including 13 convolutional layers (5 convolutional blocks) and 3 fully
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connected dense layers. VGG19 consist of 19 layers. It uses 16 convolutional layers (5 convolutional
blocks) and 3 fully connected dense layers. SqueezeNet consists of a stand-alone convolution layer, 8 �re
modules, and a �nal convolution layer. Xception is CNN based on a deep neural network. It consists of
depthwise separable convolution layers. MobileNet is based on linear bottlenecks and inverted residual. It
starts convolution layers, followed by inverted residual blocks, linear bottlenecks blocks, convolution layer
and fully connected dense layer [21]. Inception-V3 was improved version of the GoogleNet (In 2015). It
consist of 48-layers. Inception-V3 consist of three kinds of Inception modules: Inception A, Inception B
and Inception C. Inception modules A,B and C are composed of convolutional and pooling layers [35]. In
this study, used the last network is a concatenated (VGG19+MobileNet) neural network. We have trained
VGG19, MobileNet and a concatenation of VGG19 and MobileNet. This concatenated model is designed
by concatenating the extracted features of VGG19 and MobileNet.

Results
In this paper, the implementation of the deep transfer learning models is carried out using personal
computer with 24 GB RAM and Intel(R) Core(TM) i7-7700 CPU running on Windows 10 (64 bit). CXR
images have been used for the prediction of COVID-19. In this way, popular pre-trained models have been
trained and tested on CXR images. The deep learning models training was performed with a batch size of
32, an initial learning rate 0.0001 and 100 epochs. In Fig. 4, Fig. 5, Fig. 6, Fig. 7, Fig. 8, and Fig. 9 the
training and validation accuracy and loss graphs of the multi-class classi�cation are shown. It can be
seen from Fig. 5 and Fig. 7 that the highest training accuracy and the lowest loss are obtained with the
Inception-V3 and MobileNet. So, we can say Inception-V3 and MobileNet models have similar
performance. Therefore, these two models can be considered to be the more suitable model. Also, the
main reason for the extreme high or extreme low �uctuations that are generally seen in all graphs is due
to the low data count of the COVID-19 class. However, as the number of epochs increased (especially
when the epoch was between 80 and 100), the train and validation distributions converged.

When the results are examined in general, deep learning models are successful in detecting COVID-19.
(Fig. 10 (a,b,c,d,e,f))

Accuracy, precision, recall and F1-score values are shown in Table 2 for detection disease. The best
accuracy result is obtained in the Inception-V3 model. The obtained accuracy, precision, recall and F1-
score values are 90%, 100%, 88%, and 94%, respectively.

Table 2 Performance results

Model Performance (%)
Accuracy Precision Recall F1-Score

Inception-V3 90 100 88 94
MobileNet 87 96 96 96

Vgg16 74 82 72 77
SqueezeNet 79 79 76 78
Xception 86 100 92 96

Vgg19+MobileNet
(Concatenated)

88 95 84 89
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Discussion
COVID-19 caused by SARS-CoV-2 is spreading rapidly around the world. For the diagnosis of COVID- 19,
stages such as CT imaging, clinical �ndings, nucleic acid detection are passed. Globally, it is extremely
important that COVID-19 detection and infected patients can be brought under control as soon as
possible. For this purpose, deep learning-based systems are being developed on CXR images. Automated
deep learning methods for the diagnosis of COVID-19 from CXR images are proposed in this paper. We
presented pre-trained CNN models and a concatenated neural network (VGG19 and MobileNet) for
classifying CXR images.

Performance results show that the Inception-V3 pre-trained model yielded the highest accuracy of 90%
and precision 100% among the other deep learning models. The results obtained from the Inception-V3
model have high accuracy. This model is compared with other deep learning models. The comparative
study reveals that the Inception-V3 method performs better than the other deep learning methods. So, the
method can be used for the diagnosis of disease.

Different studies on datasets used in this study were examined. When the studies using the COVID data
in the �rst dataset [23] are examined; it was achieved 80% accuracy with the InceptionV2 model on 50
COVID-19 patients by Narin et al. [36]. With the Inception-V3 model proposed in this study, the InceptionV2
model success has been increased by 10%. Inception, Xception, and InceptionResNet models were
applied on 224 COVID-19 patients by Apostolopoulos et al. The accuracy rates of 86%, 85%, and 84%
were respectively [37]. With the Inception-V3 model proposed in this paper, the Inception model success
was increased by 4%, Xception model success was increased by 5%, and InceptionResNet success was
increased by 6%. Singh et al. administered DarkCovidNet on 132 COVID patients and achieved an
accuracy of 87.02% [18]. With the Inception-V3 model proposed in this study, DarkCovidNet model
success was increased by ~ 3%. When the studies using COVID patient data in the �rst and second
datasets [23, 26] are examined; Zhong achieved 87.3% accuracy with the DCNN model. With the
Inception-V3 model proposed in this study, the success of the DCNN model was increased by ~ 3% [38]. In
the study by Gour, the accuracy achieved by ~ 89.86% with VGG19 was increased by ~ 1% in this study.
The success achieved by ~ 87.73% with CovNet30 was increased by ~ 3% in this study [39]. To the best
of our knowledge, the study conducted with the third dataset [28] used in this study is not yet available in
the literature.

These days, because the limited number of COVID data is made available for open access, the datasets
studied are not evenly distributed. With more data for future studies, it is planned to develop more
effective and robust solutions for the classi�cation of COVID-19 cases. It is thought that by increasing the
dataset, the success status can be increased.

In the light of this information, COVID-19 prediction models should be quickly brought to the literature to
support medical decision-making systems.
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Figures

Figure 1

General �ow chart of the study

Figure 2

COVID-19, pneumonia and normal CXR image examples in dataset
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Figure 3

Process of data analysis in this work

Figure 4
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SqueezeNet loss-accuracy graph

Figure 5

Inception-V3 loss-accuracy graph

Figure 6

Vgg16 loss-accuracy graph
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Figure 7

MobileNet loss-accuracy graph

Figure 8

Xception loss-accuracy graph

Figure 9

(Concatenated) loss-accuracy graph
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Figure 10

Confusion matrices of COVID-19 detection


