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D. Divya! and M. Thilagu?

ABSTRACT

COVID-19 has recently grown significantly over the globe, posing several
obstacles for scholars. The first stage in COVID-19 and lung image analysis
is lung image segmentation. Due to the intensity inhomogeneity, presence
of artifacts, and proximity to the grey level of various soft tissues, the
primary difficulties of segmentation algorithms were accentuated. How-
ever, the situation takes much more time than determining slice-by-slice
to identify the lesions from volumetric chest CT images. Manual screening
of COVID-19 using Computed Tomography (CT) images is arduous. The
detection and type-classification sub-networks and the ultimately linked
layers’ learning weights are growing harder to select. Sole this issue, the
proposed introduces Region Growing Based K-Means Clustering (RKMC)
for segmentation—residual Learning with proposed Optimal Weight Prior-
Attention Residual Learning (OWPARL) for classification of COVID-19
CT images. Stacking OWPARL blocks enables quick model construction
and end-to-end multi-task loss training. Using lung scans of patients with
and without pneumonia, one 3D-ResNet branch is particularly trained as
a binary classifier to identify the lesion locations inside the lungs. The per-
formance evolution metrics are precision, specificity, sensitivity, F-measure,
and Area Under Curve (AUC) results compared to the RKMC+OWPARL
procedure, which proposes greater correctness.
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1. INTRODUCTION

Most nations in the globe have seen a fast spread
of the new coronavirus pneumonia (COVID-19) infec-
tion. In clinical settings, once related to real converse
transcriptase polymerase chain reaction (RT-PCR),
computed tomography (CT) is a viable technique for
greatly faster COVID-19 broadcast. However, dis-
covering scratches from volumetric chest CT scans
slice-by-slice requires a lot of time and effort, making
screening COVID-19 manually from CT images chal-
lenging [1]. The signs of COVID-19 on CT scans are
also comparable to those of other viral pneumonia, as
seen in Figure 1, making it problematic to differen-
tiate COVID-19 manually after further virus-related
pneumonia.
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Fig.1: Exzamples of (a) COVID-19 and (b) Intersti-
tial Lung Disease (ILD) in C'T Images.
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In consonance with the World Health Organization
(WHO), Dehydration-related cough, exhaustion, and
a running fever are symptoms of moderate and mod-
est instances, whereas breathlessness and high tem-
peratures along with weariness may occur in severe
cases. People who already have illnesses, including
respiratory disorders, diabetes issues, and heart con-
ditions, are more susceptible to this virus and expe-
rience severe illness [2]. According to emerging ev-
idence, those with significant lung disease are more
likely to have brain damage due to hypoxia and/or
pro-inflammatory mediators that connect the brain
and lung. People are identified according to the in-
dication and their travel history. One of these in-
fections’ most challenging aspects is that a person
might have it for a long period without showing any
symptoms. Most of the countries declared a partial
or total lockdown for the whole impacted region due
to its expanding nature and risk.

For developing networks capable of accurately sim-
ulating higher-order systems and reaching perfor-
mance comparable to humans, the Deep Learning
(DL) methodology is used. Since it will hasten di-
agnosis and improve access to treatment, creating a
rapid, automated segmentation for COVID-19 infec-
tion is essential for illness evaluation. Due to the po-
tent feature representation of DL technology, medical
image processing has recently seen a significant in-
crease with the fast growth of artificial intelligence [3-
4]. To identify COVID-19 pneumonia from CT scans,
many methods based on DL have been described.

Data availability for their identification and ap-
proximation ambiguity form the basis of conventional
forecast accuracy. A rapid and accurate diagnosis
will locate COVID-19, lessening the strain on medi-
cal providers. The diagnosis framework, which has a
variety of aspects, was created to assist medical prac-
titioners in prioritizing patients who need limited re-
sources while also estimating the danger of infection.
The objective is to create a model that can recognize
COVID-19 since machine learning (ML) approaches
are anticipated to be extensively employed in medi-
cal applications [5]. Predictive techniques connected
to machine learning have proven useful in forecast-
ing preoperative results to improve decision-making.
Utilizing a set of training data that includes all of
the COVID-19 characteristics, these systems are cre-
ated [6]. To manage quick judgment and prevent the
COVID-19 virus, predictive and exploratory charac-
teristics of ML are thus essential.

In clinical practice, a trustworthy COVID-19
Computer-Aided Diagnosis (CAD) system should be
helpful as it may reduce labor and improve the ef-
ficacy of detection by a physician. As illustrated in
Fig. 1, pneumonia lesions in CT scans vary in size,
morphology, and lung location, making system devel-
opment problematic. Using just conventional ways to
image processing or traditional methods of machine

learning, both of which are dependent on manually-
created descriptors, it seems challenging to create ef-
fective algorithms to manage the complex properties
of pneumonia lesions.

Region Growing Based K-Means Clustering
(RKMC) technique for segmentation. RKMC auto-
matic pneumonia identification requires the crucial
pre-requisite step of lung segmentation in CT images.
It is a combined total of five lobes in the left and right
human lungs. The chest and lungs are only two ex-
amples of the several segments that the CT image
is split into. Identifying patterns of lung disease is
focused on obtaining precise lung areas.

RKMC technique for segmentation and DL-based
residual learning with the Optimal Weight Prior-
Attention Residual Learning (OWPARL) is intro-
duced for the classification of COVID-19 CT images
in this work. Stacking the OWPARL blocks enables
quick model construction and end-to-end multi-task
loss training. With the use of lung scans of patients
with and without pneumonia, one 3D-ResNet branch
is particularly trained as a binary classifier to identify
the lesion locations inside the lungs.

The main contribution of this research work:

o It is the COVID-19 screening using a deep learn-

ing algorithm.

e Region growing based K-Means Clustering
(RKMC) and Optimal Weight Prior-Attention
Residual Learning (OWPARL) algorithm is pro-
posed to improve the overall prediction perfor-
mance.

e Preprocessing, segmentation, and COVID-19
prediction are the key contributions of this
study.

o With the use of efficient algorithms, the sug-
gested technique produces more accurate find-
ings for the provided dataset of lung CT images.

In Section 2, a literature survey of the research
on COVID-19, ILD, and pneumonia has been done
in terms of preprocessing, segmentation, and pre-
diction approaches. The proposed methodology
for RKMC algorithm and Optimal Weight Prior-
Attention Residual Learning (OWPARL) scheme is
detailed in Section 3. Section 4 contains a descrip-
tion of the experimental performance analysis find-
ings. Last but not least, Section 5 summarizes the
results.

2. RELATED WORK

Rustam et al. [7] proposed a Linear Regression
(LR), Least Absolute Shrinkage and Selection Oper-
ator (LASSO), Support Vector Machine (SVM), and
Exponential Smoothing (ES) for COVID-19 predic-
tion. It explains how the number of persons who
may contract COVID-19, which are now considered
to be a threat to humans, can be predicted using ma-
chine learning techniques. In particular, COVID-19
for bidding factors is predicted using common predict-
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ing techniques as LR, LASSO, SVM, and ES. Fore-
casting over the next 10 days of three types, including
the number of initially impacted cases, the number
of fatalities, and the number of recovered cases. The
study’s findings showed that applying these methods
to the current COVID-19 scenario is encouraging. It
also showed that the ES technique, together with LR
and LASSO, offers superior results in comparison to
other methods, offering better prediction in detect-
ing recently impacted patients, death rate, and recov-
ered cases, but SVM offers lower performance in pre-
diction. The evaluation metrics are R-squared (R?)
score, Adjusted R-square (R?adjusted), Mean Square
Error (MSE), Mean Absolute Error (MAE), and Root
Mean Square Error (RMSE).

Zoabi et al. [8] a machine-learning technique was
built and taught using data from 51,831 test subjects.
Data from the next week’s testing (47,401 tested peo-
ple, of whom 3624 had COVID-19 confirmed) were
included in the test set. Using just eight binary char-
acteristics, our model accurately predicted the results
of the COVID-19 test: intercourse, being older than
60 years old, showing the first five clinical indications,
having had past contact with an infected individ-
ual, and Overall, a model that identifies COVID-19
instances by simple characteristics retrieved by ask-
ing fundamental questions was constructed based on
the publicly disclosed national data from the Israeli
Ministry of Health. The framework may prioritize
COVID-19 testing when resources are scarce.

Barstugan et al. [9] proposed machine learn-
ing techniques Discrete Wavelet Transform (DWT),
Local Directional Pattern (LDP), Grey Level Run
Length Matrix (GLRLM), Grey Level Size Zone Ma-
trix (GLSZM), Grey Level Co-occurrence Matrix
(GLCM) ad Support Vector Machines (SVM) for
early COVID-19 identification. Expert radiologists
identified COVID-19’s distinct behaviors from those
of other viral pneumonia on the basis of CT imag-
ing. Since early diagnosis of the COVID-19 virus
is required, the clinical specialists clarify this. Us-
ing patches with sizes of 16x16, 32x32, 48x48, and
64x64 from 150 CT scans, four distinct datasets were
created for the identification of COVID-19. Patches
were exposed to the feature extraction approach in
order to enhance the classification process. DWT,
LDP, GLRLM, GLSZM, and GLCM as feature ex-
traction methods. The collected characteristics were
categorized using SVM. Cross-validations that were
repeated two, five, and 10 times were employed
throughout the categorization process. The effective-
ness of the classification procedure was evaluated us-
ing sensitivity, specificity, accuracy, precision, and F-
score metrics. Using the 10-fold cross-validation tech-
nique with the GLSZM feature extraction approach,
the highest classification accuracy was attained at
99.68%.

Pahar et al. [10] developed, using COVID-19
cough data from a smartphone, a machine learning-
based classifier that can distinguish between healthy,
unhealthy, and positive coughs. A cross-validation
scheme was used to train and evaluate seven machine
learning classifiers: Logistic Regression (LR), K-
nearest Neighbour (KNN), Support Vector Machine
(SVM), Multilayer Perceptron (MLP), Convolutional
Neural Network (CNN), Long Short-Term Memory
(LSTM) and a Residual-based Neural Network Archi-
tecture (Resnet50).This non-contact screening strat-
egy advises patients with COVID-19-related coughs
to self-isolate early, which may reduce testing cen-
ters” workload. Since both forced and natural coughs
were included in the datasets utilized, it can be con-
cluded that the method is broadly applicable. 18
COVID-19 positive and 26 smaller datasets, COVID-
19 negative people who had a SARS-CoV labora-
tory test are included in the second; it was mostly
compiled in South Africa. There are 1079 healthy
individuals and 92 persons who tested positive for
COVID-19 in the publicly available Coswara dataset.
COVID-19-positive coughs are 15% -20% shorter
than non—COVID coughs, according to both datasets.
Results show that although all classifiers were able to
identify COVID-19 coughs, the best performance was
exhibited by the Resnet50 classifier, which was best
able to discriminate between the COVID-19 positive
and the healthy coughs with an area under the ROC
curve (AUC) of 0.98. LSTM classifier was best able
to discriminate between the COVID-19 positive and
COVID-19 negative coughs, with an AUC of 0.94 af-
ter selecting the best 13 features from a sequential
forward selection (SF'S). Since this type of cough au-
dio classification is cost-effective and easy to deploy,
it is potentially a useful and viable means of non-
contact COVID-19 screening.

Xu et al. [11] introduced a unique technique that
uses deep learning technology to automatically evalu-
ate COVID-19 CT images. A model with a location-
attention mechanism that has an overall accuracy
rate of 86.7% and can classify COVID-19, TAVP, and
healthy patients might be used as an additional diag-
nostic tool by front-line clinical practitioners. Iden-
tifying pixel-level masks for pneumonia lesion areas
is quite challenging. Additionally, complicating this
endeavor was the lesion locations’ inconsistent 3D ar-
chitecture. Thus, this segmentation procedure resem-
bled object-detection algorithms. Professional radiol-
ogists confirmed the model’s suitability to distinguish
candidate patches for viral pneumonia even though
it was developed for the aim of detecting pulmonary
TB.

Shi et al. [12] emphasized the significance of
quickly and properly diagnosing COVID-19 from
community-acquired pneumonia (CAP) in patients.
1,658 individuals with COVID-19 and 1,027 patients
with CAP were all included in this research and re-
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ceived thin-section CT. To acquire the lung fields and
infection segmentations, all images underwent pre-
processing. To better capture the COVID-19 disper-
sion pattern, a set of bespoke location-specific vari-
ables is used in place of the conventional CT severity
score (CT-SS) and radionics characteristics. An in-
fection size-aware random forest approach (iSARF)
separates COVID-19 from CAP. According to ex-
perimental findings, the technique performed best
when employing handmade features, outperforming
state-of-the-art classifiers in terms of accuracy, speci-
ficity, and sensitivity by 90.7%, 87.2%, and 89.4%,
respectively. With thick slice images, further tests on
734 participants show excellent generalizability. The
framework may help with clinical decision-making, it
is hoped.

Khan et al. [18] proposed three Convolution Neu-
ral Networks (CNNs) for identifying the cause (ei-
ther due to COVID-19 or other types of infections)
of pneumonia from radiology images. Furthermore,
because different variants of COVID-19 lead to dif-
ferent patterns of pneumonia, the proposed method-
ology identifies pneumonia, COVID-19-caused pneu-
monia, and Omicron-caused pneumonia from the ra-
diology images. To fulfill the above-mentioned tasks,
we have used three Convolution Neural Networks
(CNNs) at each stage of the proposed methodology.
The results unveil that the proposed step-by-step so-
lution enhances the accuracy of pneumonia detection
along with finding its cause despite having a limited
dataset. The performance evaluation metrics are Ac-
curacy, Specificity, Sensitivity, Cohen’s kappa, and
Standard deviations. The pneumonia-positive case is
discriminated against the COVID-19 case with 87%
accuracy. The COVID-19 identified case is discrimi-
nated against Omicron-caused pneumonia with 78%
accuracy. These accuracy levels are achieved with
twenty training epochs. The radiology images can be
successfully used for the identification of pneumonia
with high accuracy along with the identification of
COVID-19 and Omicron variant-caused pneumonia
with reasonable accuracy.

3. RESULTS AND DISCUSSION

This study proposes the use of the Optimal
Weight Prior-Attention Residual Learning (OW-
PARL) method and the RKMC algorithm to enhance
COVID-19 prediction performance. The proposed
system contains three main phases: noise removal,
segmentation, and classification. The noise removal is
done by using the Adaptive Median Filtering (AMF)
algorithm to reduce the noise data from the given CT
lung image database. It is used to increase the clas-
sification accuracy more effectively. It is mostly used
to provide a solid and practical model for enhancing
image outcomes when there is a lot of noise present.
These features are taken into the segmentation pro-
cess for obtaining more informative features from the

CT image database. It is performed by using the
RKMC algorithm, and it is used to compute the nec-
essary and prominent features based on the centroid
values. Automatic pneumonia identification requires
the crucial pre-requisite step of lung segmentation in
CT images. Finally, the OWPARL algorithm is ap-
plied for classification through training and testing
models. It classifies the COVID features more ac-
curately using weight values. With the use of lung
scans of patients with and without pneumonia, one
3D-ResNet branch is particularly trained as a binary
classifier to identify the lesion locations inside the
lungs. The effectiveness of COVID-19 images may be
greatly improved, according to experimental findings,
which support the suggested framework. The exper-
imental result proves that the proposed OWPARL
algorithm provides better classification performance
than the existing algorithms in terms of higher AUC,
precision, sensitivity, specificity, f-measure, and accu-
racy.

3.1 Dataset Collection

The dataset has 2482 SARS-CoV-2 CT images, of
which 1252 test positive for the virus (COVID-19)
and 1230 test negative. Real patients from Sao Paulo,
Brazil’s hospitals, provided the data for this study.
By analyzing an individual’s CT scans, the objective
of this dataset is to further research into and create
machine learning methods for detecting SARS-CoV-
2 infection. The images were gathered from studies
published in journals like NEJM, JAMA, Lancet, and
bioRxiv connected to COVID-19. Reading the figure
captions in the studies helps us choose the CTs that
have COVID-19 anomalies. Figure 2 depicts the sys-
tem’s suggested overall processing flow diagram.

3.2 Noise Removal Using Adaptive Median
Filter (AMF) on CT Images

Noise is a random shift in image intensity that
may be perceived as part of the grains. The study of
anatomical structure and image processing for med-
ical images needs the use of noise reduction meth-
ods, which have become a vital practice. Noise re-
duction algorithms eliminate image noise. Noise re-
duction methods smooth the overall image, leaving
contrast-limited zones. This decreases noise appear-
ance. There are several noise removal algorithms.
Consider, for the purpose of noise elimination, the
concepts of the mean and the adaptive median fil-
ter. Mean filtering is a way of smoothing images that
is relatively easy to apply; nevertheless, it is quite
sluggish, and the noise removal is fully effective in
increasing the correctness of the model.

Noise reduction is carried out in this study by uti-
lizing the AMF method, which is focused on removing
extra noise from the provided CT images. It is mostly
used to provide a solid and practical model for en-
hancing image outcomes when there is a lot of noise
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Fig.2: The Proposed System Flow.

present. The main reason for using AMF method
(1) establishes which pixels in an image have been
impacted by noise, AMF conducts spatial processing
[13], (2) Each pixel in the image is evaluated in rela-
tion to its immediate neighbors by the AMF before
being classified as noise, (3) Adjustable parameters
include the neighborhood’s size and the comparison
threshold [14], (4) Noise is defined as a pixel that is
architecturally out of alignment with its like pixels
and distinct from most of its neighbors, (5) Finally,
surrounding pixels that passed the noise identification
test are used to replace the noise pixels with their me-
dian pixel values. In order to increase image quality,
noise in the image is reduced.

The window size of an adaptive filter increases as
the number of noise candidates increases in a specific
region. The amount of noisy pixels in each region
is used in a calculation to estimate the window size
(1). Following thorough simulations that ensure the
optimum outcomes for modifying window size in ac-
cordance with the quantity of noisy pixels in an area,
Mean Square Error (MSE) parameters are specified.

W(M)=> Cp,Dy)+ Y T[IM, - M, =1]
P qeN,
+ Y T[|My — My > 1] ®
qeNyp

The window matching function is denoted by W,
while W’s ideal solution is denoted by M. The real
pixel in the displayed image is pixel p, while pixel
q is pixel’s neighbor. Stands for the group of pix-
els that are close to p. Mp and, M,, respectively,
are the estimated matched windows for p and q. C
stands for a certain matching window’s price. T[]
is a logical function that examines the statements it
contains, determines whether or not those statements
are true, and then returns one if they are true and 0
otherwise. If there are no noise-free pixels and the
median is noisy (1), increase the window size in the
calculation. If the predefined conditions are not met,
the image pixel filter window size grows. The win-
dow’s median filters the pixel if the criteria are met.
Ieq is the median of the allotted window, and W, 4.
is the largest window size that may be attained. Let
I;; be the corrupted image’s pixel, I, be its mini-
mum pixel value, I,,,, be its maximum pixel value,
and W be the window’s current size. Below are the
two levels of this filtering approach.

Level A:

a) If Imin < Imed < Imaz, the median value is
thus not noise. In order to assess whether the
current pixel is noise, the model moves on to
Level B.

b) In the event that this is not the case, the win-
dow size is increased using equation (1), and
Level A continues until the median value is no
longer noisy, at which time the model shifts
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to Level B. If the maximum window size is
reached, the median value is utilized as the
value for the filtered image pixel.

Level B:

a) If Inin < Iij < Ipag, the pixel in the filtered
image is constant because the current value of
that pixel is not noise.

b) If, however, either the image pixel’s value I,;q,
or Ipin (corrupted), Afterward Each pixel of
the filtered image is given the Level A median
value.

The proposed method of adaptive median filter
compared with mean filter output is shown in Fig-
ure 3. Based on the experimental results, the adap-
tive median filter produces better noise removal than
the mean filter algorithm. Figure 3 shows the differ-
ence between the mean filter and the proposed AMF
image. It shows that the proposed AMF removes
the noise more effectively than the mean filtering ap-
proach.

4 Mean filtered Image - o X | & Adaptive Median filtered Image - o X |
Fle Edt View Inset Took Desktop Window Hep | | Ele Edt View Inset Jools Desitop Window Help
N5ds (308 E |[Deds(aoaErE

)

y
_ - e |

Fig.3: Preprocess Image Comparison of the Pro-
posed System.

3.3 RKMC Algorithm for Segmentation

In this study, the RKMC algorithm is effectively
used for image segmentation. Automatic pneumonia
identification requires the crucial pre-requisite step
of lung segmentation in CT images. There is a com-
bined total of five lobes in the left and right human
lungs. The chest and lungs are only two examples of
the several segments that the CT image is split into.
Identifying patterns of lung disease is focused on ob-
taining precise lung areas. It is still a challenging
technique because of the amorphous form and fuzzy
edges of lung tissues. Obtaining a chest regional mask
that also removes the inner cavities is the first step
in segmenting the lung regions.

Based on the initial centroids of clusters, KMC is
a powerful clustering approach for classifying compa-
rable data into groups.To determine the cluster cen-
troids, it makes use of the Euclidean distance no-
tion. The black and white images are divided up
by RKMC. In this study, COVID-19 is more accu-
rately predicted by early diagnosis of illness using CT
scans. The technique continually partitions a space

at random. (i) the current cluster centers are calcu-
lated, and (ii) provides the nearest center for each
piece of information in the cluster. Reassignments
stop it. This method reduces intra-cluster variance,
differences between data attributes and cluster nodes,
expressed as the square root of their sum.

Since it includes choosing to start seed points, the
technique is known as pixel-based image segmenta-
tion. Using initial seed points as a starting point,
this segmentation method looks at the surrounding
pixels to see whether they should be included in the
segmented area. Iterative techniques include region
splitting and region merging. In order to get a suit-
able segmented image of the original image, region
splitting is often performed on an image first in order
to separate it into the largest number of regions. In
the same location, it is hypothesized that adjacent
pixels should have equal intensity levels. An example
of the KMC algorithm is shown in Figure 4.
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Fig.4: FExample of KMC Algorithm.

K-means implementation is very useful because of
its effectiveness and simplicity. The number of classes
and the number of clusters are unaltered in this inves-
tigation. The Euclidean distance may be calculated
using the formula below, and cluster centroids can be
located using it.

When there are two points in Euclidean n-space,
x; and y;.
Algorithm 1: RKMC algorithm
1. From the CT image database, choose k clusters
(D)
2. Initialize cluster centers ul,...uk and segment
the images
3. Choose k data points, align cluster centers with
these points, and then extract beginning seeds
from the clusters.
4. Find the nearest pixels after randomly allocating
points to clusters and calculating their means.
5. To calculate the distance between values, use the
cluster center that is closest to each data point.
6. Using (2), determine the minimum distance pix-
els and check the area expanding pixels.
7. Assign the data point to this cluster by compar-
ing the similarity of the pixels, then updating the
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nearest existing area that is tied to the seed.
8. Re-compute cluster centers and find the affected
tissues in the given images
9. Identify the earlier prediction probability of
COVID-19 images
10. When no fresh re-assignments are received, stop
On the whole database set, the RKMC method
is used to produce clusters of full pixels. The pix-
els are taken one by one, and their prospective val-
ues are used to fill the region-based pixels. The CT
lung images, it is mostly utilized to diagnose the ear-
liest stage of COVID illness. Based on the afflicted
markings, it first divides the lung area images. It
is applied to locate the expected pneumonia lesions’
segments. The earlier illness probability across the
provided CT image was effectively taken into account
by the RKMC algorithm in this study. After RKMC
is applied to the CT lung image database from the
created clusters, the newly added pixels are evalu-
ated for proper classification. In the event that it
is situated inside the suitable cluster, the value that
has been given to it will be made permanent, and
the process will then go on to the next set of pix-
els [15]. The next feasible value will be assigned and
compared until the value that places the pixels in the
proper cluster is discovered if it is in the incorrect
cluster. As a result, the accuracy of the classifier and
the prediction of early pneumonia are both improved
in this study. Additionally, the RKMC approach is
utilized to raise COVID-19 classification accuracy in
cases where pneumonia or ILD would otherwise oc-
cur.

3.4 Classification via Optimal Weight Prior-
Attention Residual Learning (OWPARL)
Algorithm

In this work, classification is performed by using
the Optimal Weight Prior-Attention Residual Learn-
ing (OWPARL) algorithm. A branch for the duty
of detecting pneumonia and a branch for the task of
classifying types are included in each PARL block.

We crop the refined lung areas in accordance with
the lobe mask after the lobe mask has been obtained.
The picture is then cropped and shrunk to 96 x 96 x
96 before being put into the 3D-ResNets to forecast
pneumonia.

Pneumonia identification and pneumonia-type
classification are two tasks that two 3D-ResNet-based
sub-networks are intended to perform, as illustrated
in Figure 5. The detection sub-network classifies CT
scans for pneumonia, whereas the type-classification
sub-network classifies ILD and COVID-19. To en-
hance COVID-19 screening, a prior-attention strat-
egy closely integrates the two sub-networks convolu-
tional layers. The process of inference may be stated
as follows:

P= f([a Wdet; Wcls|S(Wdet7 ch (3)

where f, Wy, and W, denote the sub-networks
learned convolutional weights, respectively, and I de-
note the volumetric lung image supplied into the
model. The fully connected layers’ learning weights
are denoted by Wy..5(-) a function of attention. A
softmax probability vector, or the output P, is pro-
duced.

P = [pnon’pILD,pCOVID] (4)

where p™°" p'P and p are the three cat-

egorization groups’ associated probabilities, in that
order.

The non-lesion regions of the lung areas on a CT
image often make up a significant portion of the lung
regions and are home to complex variations of the
lung tissues, such as arteries and fibers. The type-
classification is negatively affected by these non-lesion
areas. We use the detection sub-networks convolu-
tional feature maps to build soft lesion-aware maps
to solve this problem. The type-classification sub-
network is then given the soft maps to have it focus
on the lesion locations. We refer to this information
as “prior attention” since it is produced by a different
model than the type-classification model itself.

In actuality, it is possible to train both sub-
networks separately. The training process begins
with the training of the detection sub-network, fol-
lowed by the training of the type-classification sub-
network, and ultimately, the fully connected layer,
which integrates the output of the two sub-networks.
There are two major problems with this training
approach, however. First, compared to end-to-end
training, multi-stage training takes much more. The
prior-attention mechanism, which moves the atten-
tion information from a detection model that has al-
ready been trained to a type-classification model, is
difficult to implement, according to the second point.
In order to enable the transmission of hierarchical
prior-attention information within the basic blocks,
we merged the prior-attention process into a novel
residual learning block. By cascading the blocks and
employing multi-task loss, the suggested modular net-
work architecture makes it simple to construct deep
attention models.

Each PARL block, as seen in Figure 4, has two
branches: one for the purpose of detecting pneumonia
and the other for the duty of classifying types.

Three stacked 3D convolutional layers, a “short-
cut connection,” and an “attention connection” are
included in the classification branch’s prior-attention
residual learning unit. The underlying mapping of
the convolutional layers and the shortcut connec-
tion is appropriate for the attention connection, and
0%(z2), a(z1,x2), and h?(xe, W2) the unit’s output
may be stated as follows, respectively:

COVID

fA(@2) = 0% (22) + h* (22, Wa) + 7 X a1, 13)  (5)
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Fig.5: The Architecture of the Proposed RKMC+OWPARL System.

where o, W5 represent, in the classification
branch, the convolutional layers’ learnt weights and
the unit’s input feature map, respectively. x; is the
residual unit’s detection branch’s input feature map.
~ The weighting factor controls the attention feature
map’s trade-off with the other two feature maps. For
the purpose of simplicity, in our implementation, 7y is
set to 1.0 by default. The brief connect can simply
be implemented as an identity mapping, according to
the original residual learning [16].

0'2(1'2) = T2 (6)

The crucial element in (3) to enhance the classi-
fication performance is the attention link a.(z1,x3).
To create a soft attention map, the input feature map
is multiplied by each element.

oz, z2) = S(0).x9 (7)

where O = h'(z1), the detection branch’s final
layer’s feature maps are presented. The term of S(-)
normalizes the feature map to create the soft atten-
tion map O

S(0) = { it = (®)
= \yMm; ;= Zz’/,j’,k/ eoiﬂkk

where 7, j, k a, and indicate channel index and lo-
cation. Coordinates O, respectively. S(-) highlights
critical detects using a spatial softmax function.

To regularize the dropout, the penultimate layer is

weighted (13) states it,

y=w.z+b 9)
The equation is used to produce the output y in
forward propagation, dropout (14),

y=w.(zor)+b (10)

Here o element-wise multiplication operator rep-
resented and r € R™ | the Bernoulli random vari-
able “masking” vector with probability p = 1. Un-
masked units propagate gradients. The weight vec-
tors are scaled by p during testing w = pw, and w
enables the creation of hidden samples. As well as
that, by rescaling w to incorporate the weight vec-
tors’ la-norms “sz = s when ||w|’2 > s after a step
of incline decline.

Softmax layer or fully connected layers are excel-
lent at formatting multi-class probabilities, neverthe-
less, within limits. Hence, ReLU is employed as an
activation function. ReLU definition is demonstrated
in equation (15),

_J0,if <0

f(m)—{ z,if x>0

N neurons connected to N feature classes make
up the output layer. The layer below is completely
linked. In the standard approach, the provided in-
put is classified using the high-output neuron as the

class label. It classifies whether the given feature is
Non-Pneumonia, ILD, or COVID-19 more accurately.

(11)
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4. EXPERIMENTAL RESULTS

The input image is taken from the following links
[19] [20]. The performance metrics are considered,
such as accuracy, specificity, sensitivity, precision,
F-measure, and Area Under Curve (AUC), and it
is evaluated using existing Random Forest(RF)[17],
Prior-Attention Residual Learning(PARL) and pro-
posed RKMC+ OWPARL algorithms.

Table 1: Comparison Values of Fxisting and Pro-
posed Methods.
Methods
Performance | RF | PARL | RKMC+OWPARL
Metrics
Accuracy 87 93 95
Precision 79 88 92
Sensitivity 97 90 93
Specificity 86.3 95.5 96.77
F-measure 80 85 89
AUC 84 87 93

Table 1 shows the comparison values of exist-
ing and proposed methods. The RKMC+OWPARL
method is more accurate than the RF and PARL
algorithms for the CT lung image database. Pre-
processing is used to improve detection and classi-
fication accuracy through the use of the AMF algo-
rithm. The proposed lung lobe region-based segmen-
tation improves pixel strength using the RKMC algo-
rithm.RKMC is focused on combining relevant infor-
mation from segmented CT lung images, which are
more informative. It also extracts more relevant in-
formation that belongs to non-pneu, ILD, or COVID-
19. Hence, the proposed RKMC+OWPARL provides
higher accuracy, precision, sensitivity, specificity, f-
measure, and AUC values than the existing RF and
PARL methods.

Accuracy

The sum of the classification parameters (T, +T,+Fp+

which are divided by the total number of actual clas-
sification parameters (Tp,+T,,), are calculated to as-
sess accuracy, which is defined as the model’s overall
correctness.

This is how the accuracy is calculated:

T, + Ty
(T, +T,+ F, + Fy,)

where Fp is for false positive, Fn is for false nega-
tive, Tp is for true positive, Tn is for true negative.

The existing and recommended methods are used
to evaluate the comparison measure’s accuracy, as
shown in Figure 6. The y-axis represents the accuracy
value, while the x-axis represents the techniques. The
RKMC+OWPARL method is more accurate than the
RF and PARL algorithms for the CT lung image
database. Preprocessing is used to improve detec-
tion and classification accuracy through the use of
the AMF algorithm. The proposed lung lobe region-
based segmentation improves pixel strength using the

Accuracy = (12)

mRF ®PARL w»wRKMC+OWPARL

\O
[o)}

X

Accuracy (%)
oo oo O Ne O
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©
=~
L
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1

Methods

Fig.6: Performance with Accuracy.

RKMC algorithm. Thus, the result concludes that
the proposed RKMC+OWPARL algorithm increases
the COVID-19 screening performance through the
optimized weight values in fully connected layers.
Specificity

The percentage of genuine negatives that are ac-
curately classified as such is a measure of specificity.

T,
mRF mPARL = RKMC+OWPARL

100
£ 95 -
&
% 90 -
2
@n 85 -

80 -

75 -

Methods

Fig.7: Performance with Specificity.

The comparison measure is assessed for specificity
using the techniques that are currently in use, as can
be seen from Figure 7 mentioned above. In the y-axis,
the specificity value is shown, and the techniques are
used for the x-axis. The proposed RKMC+OWPARL
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method provides higher specificity, whereas existing
RF and PARL methods provide lower specificity. The
proposed RKMC is focused on combining relevant in-
formation from segmented CT lung images, which is
more informative. Thus, the result concluded that
the proposed RKMC4+OWPARL approach increases
the image features accurately for the COVID-19 de-
tection and classification process.
Sensitivity

The percentage of genuine positives that are cor-
rectly classified as such in certain disciplines is known
as the true positive rate, recall, or probability of de-
tection.

Ly (14)

Sensitivity = m
P n

Fig. 8 illustrates how the comparison metric’s sen-
sitivity is measured. The y-axis shows the sensitivity
value, while the x-axis shows the approaches. The
proposed RKMC+OWPARL method provides higher
sensitivity, whereas existing RF and PARL meth-
ods provide lower sensitivity. The proposed RKMC
is focused on combining relevant information from
segmented CT lung images, which is more informa-
tive. Thus, the result concluded that the proposed
RKMC+OWPARL approach increases the image fea-
tures accurately for COVID-19 detection and classi-
fication process.

mRF m®mPARL RKMC+OWPARL

Sensitivity (%)

Methods

Fig.8: Performance with Sensitivity.

Fig. 8 illustrates how the comparison metric’s sen-
sitivity is measured. The y-axis shows the sensitivity
value, while the x-axis shows the approaches. The
proposed RKMC+OWPARL method provides higher
sensitivity, whereas existing RF and PARL meth-
ods provide lower sensitivity. The proposed RKMC
is focused on combining relevant information from
segmented CT lung images, which is more informa-
tive. Thus, the result concluded that the proposed
RKMC+OWPARL approach increases the image fea-
tures accurately for COVID-19 detection and classi-
fication process.

Precision
T,
Precision = —2%— (15)
T, + F,
mRF m®mPARL RKMC+OWPARL
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S
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Fig.9: Performance with Precision.

Precision and recall are both measures of accuracy
or quality. High accuracy means an algorithm pro-
duces a high proportion of relevant results. A classi-
fication task’s accuracy is determined by dividing the
number of real positives by the total objects catego-
rized as positive.

The comparison measure is assessed using both
the present and suggested technique in terms of ac-
curacy, Figure 9 shows. The y-axis shows accu-
racy, while the x-axis shows methods. The suggested
RKMC+OWPARL algorithm gives greater accuracy
for the supplied CT lung images as compared to the
current approaches, which, for example, the RF and
PARL algorithms, provide lesser precision. The pro-
posed method improves the precision through the ex-
traction of more relevant information that belongs to
non-pneu, ILD, or COVID-19. In this work, RKMC
segments the images efficiently via centroid values.
As a consequence, the analysis’s findings show that
the suggested RKMC+OWPARL algorithm improves
COVID-19 classification performance via the use of
the most effective segmentation technique.
F-measure

F1-score is defined as:

2 X precision X recall

Fl-score = (16)

precision + recall

Evaluation of the comparative values for the pro-
posed and current algorithms for the F-measure
metric is done in Figure 10. The suggested
RKMC+OWPARL technique delivers a greater F-
measure for the provided CT lung image database
than the current RF and PARL approaches, which
produce a lower F-measure. Without any character-
istics that were improperly recognized, the suggested
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Fig.10: Performance with F-measure.

RKMC+OWPARL classifier showed that the predic-
tion had an F1 score of 92%. RKMC algorithm is
used to provide optimal segmentation results. As a
result, the proposed RKMC+OWPARL algorithm of-
fers improved COVID-19 detection performance for
the CT lung image database and greater classifica-
tion accuracy.
AUC

AUC uses a curve known as the receiver operating
characteristic (ROC) curve. When a binary classi-
fier’s discriminating threshold is changed, the TPR
versus the FPR is graphically shown on the ROC-
curve.

ERF m®mPARL RKMC+OWPARL

94

92 —

90 —

AUC (%)

Classification

Fig.11: Performance with AUC.

As shown in the aforementioned Figure 11,
the present and recommended techniques evalu-
ate the comparison measure’s AUC. The x-axis
shows approaches, while the y-axis shows AUC. The
RKMC+OWPARL method outperforms the RF and
PARL algorithms on the CT lung image database.
Through the use of the AMF algorithm, the prepro-

cessing improves the detection and classification ac-
curacy. The RKMC method strengthens pixels us-
ing the suggested lung lobe region-based segmenta-
tion. According to the results, due to the adjusted
weight values in fully connected layers, the suggested
RKMC+OWPARL algorithm improves the COVID-
19 screening performance.
Confusion Matriz

A confusion matrix represents the prediction sum-
mary in matrix form. It shows how many predictions
are correct and incorrect per class. It helps in under-
standing the classes that are being confused by the
model as other classes. Confusion matrix is shown in
table 2.

Table 2: Confusion Matriz.

Actual classes
[ 0o [ 1 ] 2
Predicted classes
0 48.0 1.0 0.0
1 1.0 49.0 6.0
2 1.0 0.0 44.0
Actual
classes
True Positive 48.00 49.00 | 44.00
False Positive 1.00 7.00 1.00
False Negative 2.00 1.00 6.00
True Negative 99.00 93.00 | 99.00
Precision 0.97 0.86 0.97
Recall or 0.97 0.99 0.89
sensitivity
Specificity 0.98 0.92 | 0.98

Through the confusion matrix, the proposed
RKMC+OWPARL system provides better classifica-
tion results for the given dataset.

5. ADVANTAGES AND DISADVANTAGES
OF PROPOSED WORK

Advantages of proposed work:

1. OWPARL algorithm, which provides more ac-
curate classification performance.

2. The new approach offers superior accuracy, pre-
cision, specificity, sensitivity, F-measure, and
AUC.

Disadvantages of proposed work:

1. It is not suitable for larger datasets.

2. It is a time.

3. Not focused on feature extraction, the algo-
rithm can be developed for multi-modality im-
ages

6. CONCLUSION AND FUTURE ENHANCE-

MENT

The RKMC+OWPARL method is suggested in
this study to enhance the COVID-19 detection and
classification performance for the supplied CT lung
images. The four essential components of this study
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are COVID-19 classification, segmentation, and noise
reduction. The performance of COVID-19 screen-
ing, ILD, and pneumonia classification are improved
by employing the AMF algorithm to remove noise.
Then CT lung images are segmented via RKMC al-
gorithm. It segments the images that were used for
earlier predictions of COVID-19 and pneumonia. Le-
sion locations throughout the lungs are highlighted
using a 3D-ResNet branch that has been trained as
a binary classifier using lung images with and with-
out pneumonia. Classification is done by using the
OWPARL algorithm, which provides more accurate
classification performance. When comparing the sug-
gested RKMC+OWPARL method to the current al-
gorithm, it was found that the new approach offers
superior accuracy, precision, specificity, sensitivity, F-
measure, and AUC.
Future Enhancement
1. In future work, hybrid soft computing algo-
rithms and feature extraction algorithm can be
developed for multi-modality images.
2. Recent Optimization-based algorithms are used
to support larger datasets and also improve
classification accuracy.
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