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Abstract: Coronavirus (COVID-19) is a fast-spreading virus-related disease. On 28 March 2022,
Worldometer (COVID-19 live update) reported that there were about 482,338,923 COVID-19 cases and
6,149,387 fatalities worldwide. Moreover, there were about 416,884,712 recovered patients. The pri-
mary clinical mechanism currently utilized for COVID-19 identification is the Reverse Transcription—
Polymerase Chain Reaction (RT-PCR). Hospitals only have small quantities of COVID-19 test kits
available due to the daily increase in cases. As an alternative diagnosis possibility, an automatic
detection system was implemented. A vigorous technique for the automatic COVID-19 identification
is the deep learning approach. Chest X-ray (CXR) imaging is a modest tool that can be an alternate
for diagnosing COVID-19-infected patients. With the use of deep learning, deep layer characteristics
that are hidden from human sight may be observed using CXR imaging. One of the largest public
databases, the “COVID-19 Radiography Database”, comprises 21,164 CXR images and was taken
from Kaggle. To achieve the best accuracy in this work, data cleansing and the balanced dataset
approach were applied. The primary goal of data cleansing is to remove duplicate CXR images from
the database. The accuracy of three distinct pre-trained Convolutional Neural Networks (CNNs) was
compared and then analyzed (Xception, InceptionV3, and MobileNetV2). Among other models, Xcep-
tion achieved the best testing accuracy of 94.13% with plain lung CXR pictures. The Gabor filtering
image enhancement approach was also employed to identify COVID-19. Only for the MobileNetV2
model did enhance CXR images perform significantly better for classification than plain lung CXR
images. This study attempts to enhance the system’s accuracy to 100%, outperforming previous tests.

Keywords: COVID-19; Xception; InceptionV3; MobileNetV2; deep learning; CXR images; CNN;
image enhancement

1. Introduction

COVID-19 is a highly transmittable disease [1]. A CXR image-based COVID-19 de-
tection system is fast and widely available and has the ability to analyze multiple cases
simultaneously. A CNN model was proposed to categorize COVID-19, viral pneumonia,
lung opacity, and otherwise normal classes. In this paper, various previous works were
focused on to formulate a deep learning technique to recognize COVID-19-infected individ-
uals. Table 1 summarizes the previous related studies. Section 2 presents the methodology.
Section 3 demonstrates the experiment’s results and the related discussion. Section 4 has
the conclusion.
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Table 1. Database [2] and used dataset statistics.

Research Dataset Best Accuracy
Paper. CXR Images COVID-19 Number of Classes Best Model Name (%)
2 (COVID-19, Normal) 99.70
3] 3487 423 3 (COVID-19, Viral Pneumonia, Normal) DenseNet201 97.94
2 (COVID-19, Normal) ResNet50 96.10
[4] 7406 341 2 (COVID-19, Viral Pneumonia) ResNet101 99.50
2 (COVID-19, Bacterial Pneumonia) ResNet50 99.70
[5] 6432 576 3 (COVID-19, Pneumonia, Normal) Xception 97.97
[6] 18,479 3616 3 (COVID-19, Lung opacity, Normal) ChexNet 96.29
[7] 458 295 3 (COVID-19, Pneumonia, Normal) SqueezeNet 99.27
3 (COVID-19, Pneumonia, No Findings) . 98.08
[8] 1125 125 2 (COVID-19, No Findings) DarkCovidNet 87.02
[9] 13,975 358 3 (COVID-19, Pneumonia, Normal) COVID-Net 93.30
4 (COVID-19, Viral Pneumonia, Bacterial
Pneumonia, Normal) 89.60
[10] 1251 284 3 (COVID-19, Pneumonia, Normal) CoroNet 95.00
2 (COVID-19, Normal) 99.00
1125 125 3 (COVID-19, Pneumonia, No Findings) 96.00
[11] 2 (COVID-19, No Findings) Multiscale deep CNN 100.00
9000 3000 3 (COVID-19, Pneumonia, No Findings) P 97.17
2 (COVID-19, No Findings) 96.06
[12] 450 150 3 (COVID-19, Pneumonia, Normal) QuNet 92.92
4 (COVID-19, Viral Pneumonia, Normal, Modified
(13l 21,165 3616 Lung Opacity) MobileNetV2 95.80

2. Methodology
2.1. Dataset

In this experimental analysis, four classes of the ‘COVID-19 Radiography Database’
were used [2]. Normal, viral pneumonia, lung opacity, and COVID-19 were the classes that
related to CXR images. Among the most significant public datasets with 21,164 CXR images
is the “COVID-19 Radiography Database”. All data are CXR images, and each image is in
PNG format with the resolution of 299 x 299 pixels. Table 2 displays the number of images
in the dataset.

Table 2. Summary of the related work.

Medical Case Number of CXR Use‘d‘Images o )
Images Training Validation Testing
COVID-19 (positive) 3615 1000 145 200
Normal (healthy) 10,192 1000 145 200
Lung opacity 6012 1000 145 200
Viral pneumonia 1345 1000 145 200

2.2. Pre-Processing

Before applying CXR images as input to the systems, they were resized. Each CNN
had a different set of input specifications. With CAD, the resizing procedure is integrated.
Most CNNs were trained on 224 x 224 pixels image resolution [14]. Therefore, the size
changed from 299 x 299 pixels to 224 x 224 pixels. An image data generator was used for
data augmentation with rescaling at 1/255 and a rotation range value of 40. The range of
height shift, width shift, shear, and zoom was the same as 0.2, and the horizontal flip was
set as “True’.

The classes in the database contained a various number of images. The class imbalance
issue affects accuracy [10], and hence the dataset was balanced by using an exact number
of images in the viral pneumonia class because it has the least number of images.
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Many duplicate CXR images were available in the dataset, and the “dupeGuru” tool
was used to identify the duplicates [15]. Some images had 100% similar copies, and some
had more than 70% similarity. Figure 1 shows a set of sample duplicate images in the
database. The CXR images with less than 70% similarity display some visible differences.
Due to this, images with less than 70% similarity were selected to process. A new dataset
was created by removing duplicates with more than 70% similarity. After the cleansing
process, the “dupeGuru” tool was used several times to create a balanced dataset.

Figure 1. A sample of duplicate CXR images: (a) COVID-1, (b) COVID-140, and (c) COVID-591.

As a technique for the image enhancement process, Gabor filtering was used on the
CXR image. A convolution filter called Gabor represents a term that combines sinusoidal
and gaussian [16]. The sine element gives the directionality, whereas the Gaussian element
yields the weights. The optimal parameter values were lambda = 0.785; Theta = 1.571;
Gamma = 0.9; sigma = 1; phi = 0.8; ksize = 15 in Gabor filter. The variation between the
original and enhanced images in the four classes is exhibited in Figure 2.

COVID-19 Lung opacity Normal Viral pneumonia

Original

Images ’

Images after i

enhancement ' ;\.‘

Figure 2. The input CXR images and the output CXR images after passing through the Gabor
filter bank.

2.3. Proposed Method

Xception: It is an alteration of the Inception Net. In this model, the Inception Net
changed in terms of the size of the parameter, but the parameters of this method are closer
to the inception net. And also, the performance of the model was moderately better. This
Xception model has 22.9 million parameters and is 88 MB in size [17].

InceptionV3: It consists of a pre-trained CNN architecture with 48 layers. It is an
earlier version of the network that was trained using the ImageNet database. This model
has 23.9 million parameters and is 92 MB in size [17].

MobileNetV2: It is a CNN network that contains 53 layers. It has several advantages
such as a reduced network, fewer parameters, a smaller number of operations, excellent
efficiency, and low power consumption. This model has 3.5 million parameters and is
14 MB in size [17].
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Fine-tuning is a common technique for transfer learning [18]. It uses a model that has
already been trained to complete a specific task and then fine-tunes it to carry out a second
similar task [19]. Fine-tuning was used to match the pre-trained model with the created
dataset. The proposed architecture layout is shown in Figure 3.

Pre-Processing

Classifications

Batch
Mormalization

« COVID-19

Global Average
H  Pooling 2D
RelLUi512)

= Lung Opacity

Original

d Gabor Filter
Image

« Normal

Pooling 2D
Dense with
ReLUi512)

+ Viral Pneumonia

Global Average

Global Average
Pooling 2D
Dense with
RelLU{1024)
Dense with
ReL U512}

MobileNetv2 | ‘

Figure 3. Proposed method architecture for multiclass classification.

2.4. Specification of Model Training

Many pre-trained CNN models were processed in this study. Pre-trained models were
run on a Jupyter notebook with an Intel core i7 CPU, 2.8 GHz processor, and 16 GB Memory,
as well as an NVIDIA GTX 1650 GeForce 4-GB Graphics Processor Unit (GPU) card running
Windows 10 64-bit. Moreover, Google Colab was employed, which was linked to Python 3
Google Compute Engine (TPU) RAM: 35.25 GB Disk: 107.72 GB [20].

3. Result and Discussion

The experiments were performed to detect and categorize COVID-19, normal, lung-
opacity, and pneumonia (viral) using the CXR images. The database contained cleansed
data, and balanced CXR images were used during the process.

3.1. Without the Enhancement Technique

As the initial step, three different pre-trained CNN models were used to obtain training,
testing, and validation accuracies and a confusion matrix. The CNN models were pre-
trained with an adaptive moment estimation (ADAM) optimizer. Every experiment used
an experimental parameter of 40, 0.0001, 100, and 20 for the batch size, learning rate,
steps per epoch, and the total number of epochs. The last layer initiation function was
softmax, while the loss function was categorical cross-entropy. In addition, here, we used
224 x 224 pixel-resized images for all model processing.

3.2. With the Enhancement Technique

Secondly, three pre-trained CNN models (Xception, InceptionV3, and MobileNetV2)
were again processed with an image enhancement technique named Gabor filtering.
The hyperparameters were selected as the same as in the previous process. In a clas-
sification problem, the confusion matrix can be used to summarize prediction results.
Figure 4 shows the comparison of confusion matrix plots for pre-trained CNN models with
and without enhancement.



Eng. Proc. 2023, 55, 45

50f7

Without
Enhancement Enhancement

With

Covid-19

Lung_Opacity

Normal

Viral Pneumonia

T Covid-19

Lung_Opacity

Normal

Viral Preumonia

Covid-19

Lung_Opacity

Normal

K
&3 N
&

«
Predicted label

Figure 4. Confusion matrix for pre-trained models with (without) enhancement.

§ &
<

Predicted label

= Xception

= InceptionV3

= MobileNetV2

Table 3 shows a comparison between training, validation, and testing accuracies for
Xception, InceptionV3, and MobileNetV2 models with and without using the enhancement
technique for the dataset. A comparison of performance evaluation matrices of different
pre-trained models with and without enhancement for the classification of the four classes
is shown in Table 4.

Table 3. Accuracy of pre-trained models with and without enhancement.

Model Name ?gj;liﬁcement Accuracy (%) Time Spent (min)
T Traini Validation ~ Testin
Used raining alidatio esting
Not used 83.67 83.28 88.75 50
MobileNetV2
Gabor filter 93.05 87.76 89.25 43
. Not used 97.85 91.38 91.75 84
InceptionV3
Gabor filter 96.63 89.48 92.00 76
) Not used 99.10 91.21 94.13 111
Xception
Gabor filter 98.68 89.83 92.62 125

Table 4. Comparison of performance evaluation matrices with and without enhancement technique.

a Enhancement Xception InceptionV3 MobileNetV2 Support
ass Techniques Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score PP
COVID-19 Not used 0.967 0.870 0.916 0.894 0.965 0.928 0.986 0.695 0.815 200
Gabor Filter 0.918 0.890 0.904 0.865 0.960 0.910 0.855 0.945 0.898 200
L . Not used 0.878 0.970 0.922 0.957 0.885 0.919 0.758 1.000 0.862 200
ung opacity
Gabor Filter 0.884 0.915 0.899 0.994 0.865 0.925 0.983 0.845 0.909 200
Normal Not used 0.955 0.965 0.960 0.853 0.985 0.914 0.912 0.990 0.950 200
Gabor Filter 0.916 0.985 0.949 0.857 0.990 0.919 0.988 0.790 0.878 200
Viral Not used 0.975 0.960 0.967 0.994 0.835 0.908 0.972 0.865 0.915 200
pneumonia Gabor Filter 0.995 0915 0.953 1.000 0.865 0.928 0.802 0.990 0.886 200
A Not used 0.941 0.917 0.887 800
ccuracy
Gabor Filter 0.926 0.920 0.892 800
M. Not used 0.944 0.941 0.941 0.924 0.917 0.917 0.907 0.887 0.886 800
acro avg
Gabor Filter 0.928 0.926 0.926 0.929 0.920 0.920 0.907 0.893 0.893 800
Wei Not used 0.944 0.941 0.941 0.924 0.917 0.917 0.907 0.887 0.886 800
eighted avg
Gabor Filter 0.928 0.926 0.926 0.929 0.920 0.920 0.907 0.892 0.893 800
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Training and validation loss values at each epoch were reduced in consecutive epochs.
A comparison of training and validation losses in contrasting pre-trained models with and
without containing the enhancement mechanism is shown in Figure 5.

3

nhancement
ith enhanement

0 2 4 [ 8 10 12 14 16 18 20
Epochs

Figure 5. Comparison of three different pre-trained models with and without enhancement technique.

4. Conclusions

In this work, a deep learning-based method using CXR images to predict COVID-19
patients automatically was proposed. The Xception model showed the best testing accuracy
of 94.13% without enhancement technique. Considering all of the models with Gabor
filtering enhancement, the Xception model has the highest testing accuracy, but it is lower
than the accuracy result without enhancement for the Xception model. Moreover, the Gabor
filtering enhancement technique only positively affects MobileNetV2. As a result, training,
validation, and testing accuracies increased when we used the Gabor filtering enhancement
technique for MobileNetV2. In future work, the proposed methodology will be tested
on different CNN models to increase the system’s accuracy toward 100%, exceeding the
previous studies.
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