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Abstract—Deep Learning (DL)-based systems, employing
advanced growths, pave the way for bioinspired methods in
almost all domains of life. Healthcare organizations can employ
DL approaches due to their precision in recognizing and
identifying distinct diseases. The coronavirus disease
(COVID-19) epidemic has emerged as the most dangerous
disease in recent times, posing a significant burden on health
organizations worldwide. Medical imaging and PCR testing
have the potential to analyze COVID-19. Given the high
spreadability of COVID-19, Chest X-Ray (CXR) analysis is
considered safe under various conditions. DL systems are
capable of enhancing medical imaging tools and supporting
radiologists in making medical decisions for the analysis,
diagnosis, and monitoring of distinct diseases. With this
motivation, this study presents a novel bioinspired red kite

optimizer with a DL-based COVID-19 classification
(BRKODL-COVIDC) method on CXR images. The
BRKODL-COVIDC method intends to recognize and

categorize the presence of COVID-19 using DL models. In the
presented BRKODL-COVIDC method, the Bilateral Filtering
(BF) model can be used for image pre-processing tasks. In
addition, the complex patterns and features in the images can be
derived from the DenseNetl21 model. For optimal
hyperparameter selection of the DL techniques, the Random
Key Optimizer (RKO) model can be employed in this research.
Last, the BRKODL-COVIDC technique makes use of the
Dilated Convolutional Auto-Encoder (DCAE) model and is used
for identification purposes. Thus, with this research study, we
are contributing to the National Priorities for Research,
Development, and Innovation (RDI) in health and wellness to
provide and maintain a sustainable environment in the health
sector. The simulation outputs of the BRKODL-COVIDC
technique can be examined on a standard dataset. The
simulated outputs demonstrated the enhanced performance of
the BRKODL-COVIDC technique in the COVID-19 detection
procedure.

Keywords—computer-aided diagnosis, bioinspired
algorithms, deep learning, intelligent systems, leukaemia cancer,
sustainable environment, healthcare

1. INTRODUCTION

COVID-19 is the latest viral epidemic, which began in
Wuhan City in China. It spreads to every part of the world
within a few months. It is an extremely transmittable disease
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that spreads through respiring droplets while breathing [1].
For testing COVID-19 cases, imaging models, namely
Computed Tomography (CT) and X-ray, play a significant
part [2]. As the disease commonly infects the lungs, chest
radiography images (CT images or CXR) become broadly
measured, and radiologists physically do the analysis of these
images to detect pictorial signs of COVID-19 disease [3]. For
quick checking for the diseased patient, visual indicators can
serve as an alternate technique. The conservative
analysis method is comparatively rapid but still creates a
higher threat for medicinal staff [4]. There are limited
analytical tests since they are expensive. In contrast, medical
imaging methods, namely CT and X-ray screening, are faster,
safer, and readily available. X-ray imaging has been widely
utilized in COVID-19 check-ups, as it involves fewer
imaging periods, the charge is also lower, and X-ray scanners
are broadly accessible in rural sectors compared to CT
imaging [5]. However, the visual assessment of X-ray images
by radiologists at a large scale is long and weighty and can
result in wrong analysis because of the absence of prior
awareness about the infected areas. Therefore, there is a great
requirement for designing mechanized approaches to get
effective COVID-19 analysis [6, 7].

To save effort and time, it is significant to mechanize the
CXR inquiry, which is an extensive and errant method that
consumes effort and time [8, 9]. Consequently, fully
mechanized and actual radiography images are essential to
help physicians precisely identify the COVID-19 virus.
Doctors can use Computer Added Design (CAD) methods
that rely on DL approaches to help them understand and
analyze CXR images better and to overcome the challenges
of current imaging techniques. DL approaches are frequently
used in medical imaging because they can handle large
datasets that surpass human capabilities. Uniting CAD
methods with radiologists’ medical diagnostics reduces
doctors’ pressure and develops precision and arithmetical
inquiry. The modern mechanized approaches employ
modern-day Atrtificial Intelligence (AI) tools (mostly the DL
method) to develop the control of CXR imaging and are
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meant to diminish the work of radiologists [10, 11]. DL
methods, particularly Convolution Neural Network (CNN),
have been shown to be more efficient than outdated Al
approaches and are broadly utilized for studying numerous
medical images [12, 13].

This study presents a novel bioinspired red kite optimizer
with a DL-based COVID-19 classification
(BRKODL-COVIDC) method on CXR images. The
BRKODL-COVIDC method intends to recognize and
categorize the presence of COVID-19 using DL models. In
the presented BRKODL-COVIDC method, the Bilateral
Filtering (BF) model can be used for image pre-processing
tasks. In addition, the complex patterns and features in the
images can be derived from the DenseNetl21 model. For
optimal hyperparameter selection of the DL techniques, the
RKO model can be employed in this research. Last, the
BRKODL-COVIDC technique makes use of the Dilated
Convolutional Auto-Encoder (DCAE) model and is used for
identification purposes. The simulation outputs of the
BRKODL-COVIDC technique can be examined on a
standard dataset. This research aims to target study,
development, and innovation in health and wellness and
contribute to providing a sustainable health environment.

II. LITERATURE REVIEW

Gupta and Bajaj [14] present a model utilizing the DL and
chest CT scan-related methods. In this article, an openly
available CT-scan image dataset, a couple of pre-trained DL
methods (DLMs), viz., MobileNetV2 and DarkNet19, and an
innovatively developed frivolous DLM could be used for
automated screening of COVID-19. A recurring 10-fold
holdout authentication technique is used for the testing,
validation, and training of DLMs. Mansour et al [15]
presented an  innovative  unsupervised  DL-based
Unsupervised Deep Learning based Variational Auto
Encoder (UDL VAE) system. The UDL-VAE method
elaborates an Adaptive Wiener Filtering (AWF) assisted
preprocessing method to improve image excellence. In Refs.
[16,17], a feasible and effective DL-based Chest Radiograph
Classification (DL-CRC) structure is proposed. This
structure controls a Data Augmentation of Radiograph
Images (DARI) approach by adaptably using generic data
augmentation and Generative Adversarial Network (GAN)
approaches. The training information consists of real and
artificial CXR images that were served and modified as the
CNN method in DL-CRC.

Subhalakshmi et al. [18] and Shankar et al. [19] proposed a
DL-based MultiModal Fusion (DLMMF) method. This
method works in three key procedures, viz., WF is dependent
upon feature extraction, preprocessing, and identification.
The projected method integrates a combination of deep
features utilizing the Inception v4 and VGG16 methods.
Lastly, the Gaussian Naive Bayes (GNB) method has been
presented for recognizing and classifying CT images into
separate classes. Shanthi and Koppu [20] and Dash et al. [21]
presented  effective methods named RNBO_ Deep
Neuro-Fuzzy Network (RNBO_DNFN) and Remora Namib
Beetle Optimizer Deep Quantum-NN (RNBO_DQNN)
method. This method has been aimed at integrating Namib
Beetle Optimization (NBO) and the Remora Optimization
Algorithm (ROA) to improve performance. In two other
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studies [22, 23], a new loT-allowed depthwise separable
CNN (DWS-CNN) with the Deep-SVM (DSVM) method is
proposed. Primarily, patient information is composed by
utilizing IoT devices and directed towards the cloud server.
Also, the GF method was used for noise elimination. Then,
the DWS-CNN method is used for automatically extracting
features. Lastly, the DSVM method could be used to control
the multiple and binary classes of COVID-19.

Sharma et al. [24] proposed 16 deep learning-based
systems for segmentation and identification. They used two
segmentation networks (UNet and UNet+) along with eight
classification models: VGG19, VGGI16, InceptionV3,
Xception, NASNetMobile, ResNet50, MobileNet, and
DenseNet201. The performance of these systems was
evaluated using Jaccard, Dice, Area Under the Curve (AUC),
and Receiver Operating Characteristics (ROC) metrics, and
explainability was provided through Gradient-weighted
Class Activation Mapping (Grad-CAM).

In another study [25], a method called Sine-Cosine
Optimization + DL-based Disease Detection and
Classification (SCODL-DDC) was introduced, which
combines a sine cosine optimizer with deep learning.
EfficientNet was used to extract features, and the Sine Cosine
Optimizer (SCO) tuned the model parameters. A Quantum
Neural Network (QNN) was also applied for accurate
COVID-19 detection.

III.

In this paper, a programmed COVID-19 identification and
classification  algorithm, named BRKODL-COVIDC
technique on CXR images, 1is proposed. The
BRKODL-COVIDC method intends to recognize and
categorize the existence of COVID19 employing DL models.
In this developed BRKODL-COVIDC approach, four main
processes such as BF-based pre-processing, RKO based
hyperparameter tuning, DenseNet121 feature extractor, and
DCAE based classification. Fig. 1 represents the workflow of
BRKODL-COVIDC method.

MATERIALS AND METHODS

A. Image Pre-processing Using BF Approach

For noise elimination, the BF approach is utilized. BF is an
image processing system utilized to smooth noise reduction
while maintaining boundaries from the image [26]. A
nonlinear, edge-preserving filter integrates spatial domain
and intensity (pixel value) domain data to achieve its effects.
BF is mainly effective in conditions, but typical smoothing
filters can blur edges and fine details. The basic concept
behind BF is to execute a weighted average for the pixel
values from the local neighborhood but assuming either
spatial closeness or intensity similarity. The weight of all the
pixels is defined by the Gaussian function in either the spatial
or the intensity domains. The working of BF is provided as
follows:

Spatial Domain: A window (kernel) is determined near all
the pixels from the image. This window defines the spatial
neighborhood for which filtering can be executed.

Intensity Domain: During the spatial window, the pixel
values can be related depending on their intensities. A
Gaussian kernel can be executed for computing the weighted
dependence upon intensity similarity. Pixels with the same
intensity values are superior weights, meaning they
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contribute more to the filtered outcome. be calculated. The weights are defined by either spatial
Weighted Average: For all the pixels from the image, the  closeness or intensity similarity.
weighted average of pixel values from the spatial window can

S— ~— m—
Feature Extraction Process
< using
Tmage Preprocessing DenseNet121 Model
using —_— T
Bilateral Filtering Technique BT Ry s
using
Red Kite Optimizatign Algorithm

Clssifiction Process
Convolutional Transposed
Layer Convolutionl Layee
| /

l_l—
== [ - e ——
e —
Input Image Dilated . M Dilated Recoll:tsguectlon
Convolutional eatureltiaps Convolutionl 8

Performance Measures

rAccuracy ' Precision ' Sensitivity ' Specificity r F1-Score

Fig. 1. Workflow of BRKODL-COVIDC approach.

— — — — r——1 —_— e —_— —_—
Dense Block 1 Dense Block 2 Dense Block 3 Dense Block 4
Q| |= —~
2| |2 3 = g
e ol BcaG
¥ M 24| |« x6| |2
b d - —-— — —-— e -

Input Image

ﬂ =

o}

1 S g 2 14 1S 5] (3
sl |# 5] |3 SREREIREIRE
—EMEE e il A
Zr‘“c "Zdr-o
sl |19 |+ |g = 2 E] S
E (TSI E

— - e e

Fig. 2. DenseNet structure.
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B. DenseNetl21-Based Feature Extraction

For generating beneficial feature sets, the DenseNetl121
framework is applied. DenseNet features a network model
that focuses on developing Deep Learning (DL) systems
while also enhancing training efficiency by utilizing smaller
connections between layers [27]. All the layers get upgraded
inputs among every future level, and it is done for the feature
space to every next layer for maintaining the feed-forward
nature. The process of removing features from the data and
mapping them to labels for categorization in a database
resulted in the creation of a CNN approach. PyTorch and
Torchvision (2 DL libraries) are also needed to finish this
task. Torchvision is a pretraining data modeling system that
offers a maximum level of mechanism beside overfitting and
also improves the optimizer of outcomes. The number 121 in
DenseNet121 represents that the NN takes 121 layers, which
is an essential feature. The DenseNet-121 comprises several
distinct layers to be integrated. The task of the DenseNet
method consists of dense blocks and transition layers, which
are utilized for categorizing an input evaluation based on its
contents. When a text is input into the DenseNet, it can be
processed using multiple dense blocks that map features from
all the consistent layers, even though the number of filters
varies from one layer to another within a single dense block.
Convolution and pooling are two procedures managed by the
transition layer. It is placed external to the dense layer and
carries out down-sampling processes. Fig. 2 depicts the
architecture of DenseNet.

C. Hyperparameter Tuning Utilizing RKO Model

In this manuscript, the RKO model optimizes the
hyperparameter values of the DenseNetl21 framework.
Alshareef and Fathy [28] introduced the Red Kite Optimizer
Algorithm (ROA), a new metaheuristic algorithm based on
the social life of red kites.

Typically, the red kite constructs nests near lakes and
wooded areas to enhance their hunting capabilities. With
random walking and being impacted by one another’s
locations in flight, they use high speed while hunting. It can
be a voiced, named sound of unity that occurs in times such
as identifying water sources, useful bait, birth, and migration.
Additionally, the sound generated during events such as the
death of another animal, an enemy attack, a storm, or an
earthquake is called the sound of danger. To emulate the
behaviors of a red kite in search of food, every individual bird
is determined by the evaluation function value, its position,
the individual component (sound of danger), the amount of
displacement of points, the new location of the bird, the new
assessment function, and the social component (sound of
unity). Firstly, the metaheuristic approach must effectively
navigate the search space problem to prevent stumbling into
local optima, thereby achieving superior outcomes. Next, the
approach gradually transitions from the exploration stage to
the exploitation stage while also exploiting the fittest
solutions in the final round. The three major phases of ROA
can be discussed below:

The initial phase—the initial location of the bird: the
location of red kites is randomly initialized based on Eq. (1):

Pos; j(t) = lb + rand X (ub —Ib),i = 1,2,..,nand j =
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1,2,..,d 1)

Now, Pos; j(t) refers to i*" location of red kites at
t iteration, lb, and ub are lower and upper limitations,
respectively, d denotes the problem dimension, n is the
population size, and rand is a randomly produced value
within [0, 1].

The second phase—choose the leader: according to Eq. (2)
selecting the leader is attained:

Best(t) = Pos,(t) if fi(t) < fpest(t) (2)
where, Best(t) indicates the location of best bird at tt"
iterations, f},.si(t) can be the value of the assessment
performance of the optimum bird at t** iterations Pos(t)
represents the location of i*" red kites at t iteration, f;(t) is
the value of bird assessment function at tt" iterations.

The third phase—the movement of the bird: by
considering the decreasing coefficient (D), the red kite should
move from the exploration to the exploitation phase based on
Eq. (3):

) t )—10
t max

where ¢, and t ., denotes the existing and maximum
iteration. By using Eqgs. (4) and (5), the birds update the
position:

D= (exp( (3)

t max

posi¥(t + 1) = Pos,(t) + P, (t + 1) 4)
B (t+ 1) =D(t) X B, (t) + SC(t)
©) (Pos‘rws(t) - Posl(t)>
+UCH) O (Best(t) - Posl(t)> 5)

As in Eq. (6), the birds location elected by the roulette
wheel in iteration t as Pos,.,(t), the new location of the bird
as pos]*®”(t + 1), and the random vector of social and
individual components are SC and UC, correspondingly. It is
significant to test the search space-bound, as follows:

poste¥(t + 1) = max (min (posl"e‘” t+1)+ ub) , lb) (6)

If the assessment function is enhanced, then the new
temporary location is replaced. In this instance, Pos;(t + 1)
is equal to 0s*®"(t + 1). The sound of unity and danger of
the bird as follows:

{SC(t+ b :Fl)ifrand <05

UCt+1) =r,

otherwise

{SC(t +1)=7; e

UCt+1) =r
In Eq. (7), 75 is a random vector in [0, 1]. 77 and 75, denotes
a random vector in [1,2] and [1,3], respectively.

The location of the neighbor could be chosen randomly via
the roulette wheel based on the present location of the bird.
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At an early iteration, the value of D(t) is closer to one for
searching and exploring a new space. Based on its location
and randomly selected neighbor, the red kite explores novel
spaces in the movement depending on the separate module.
In addition, the social component leads to global optima. The
coefficient D (t) decreases to accomplish a balance between
the exploitation and exploration stages as the process moves
from the initial to the next rounds. At the last iteration, this
coefficient becomes 0 and the exploit searching for the
optimum solutions amongst the better solution attained. The
ROA has a high convergence level, few control parameters
and ease of execution.

The RKO approach develops an FF to make effective
classifier results. It expresses an optimistic integer to denote
the good solution of candidate results. Throughout this case,
the decrease in classifier errors can be assumed as FF, as
represented in Eq. (8).

fitness(x;) = ClassifierErrorRate(x;)

__ No.of misclassified samples

x 100

®)

Total no.of samples

D. Image Classification Using DCAE

The Dilation Convolutional Autoencoder (DCAE)
architecture can be used for classifying COVID-19 cases. A
Convolutional Autoencoder (CAE) is a type of
self-supervised learning model that learns to encode and
decode data using convolution operations, aiming to
reconstruct the original input. CAEs are widely used for tasks
like anomaly detection, data compression, and noise
removal [29].

A typical CAE has two parts: an encoder and a decoder.
The encoder uses convolution and pooling layers to extract
features and reduce data size, while the decoder uses
upsampling and deconvolution layers to rebuild the original
input. However, pooling layers can sometimes cause loss of
important features because they reduce data size too much
and limit the detail captured.

To solve this, the DCAE replaces the pooling layers with
dilated convolutions. This helps compress the data while
preserving important information, making the model more
effective for medical image classification.

The obtained signal covariance matrix with no reflected
angle is represented by R;, only have the elevation and
azimuth angles of non-lower elevation traget and the azimuth
and direct angles of the lower elevation traget; the real and
imaginary equation of the signal can be denoted Re(*) and
Im(*), correspondingly. The encoder Eq. (9) and decoder
Eq. (10) processes are given as follows,

Encoding : y = f,(R,), )

Decoding: Ry = f;(y), (10)

where the received signal covariance matrix with reflected

angle is referred to as R,, which is the original signal
covariance matrix. Further, the proposed dilated CAE Eq. (11)
can be described as follows:
Ry = fa(fe(R)), (11
This implies that mapping between covariance matrix with
and without reflection angle can be accomplished as follows:
A" = f(R.w™ + b"™), (12)
In Eq. (12), R illustrates the input 3D matrix, 3D
convolution kernel has been named as w, and the bias is
denoted as b™ whose number is n; and the activation function
can be denoted as f(*). The decoder process carries out the
deconvolution function that is almost identical to the
convolutional process. The two convolution layers in the blue
box can be typical convolution processes with padding that
targets to preserve the boundary feature. The binary

cross-entropy process is a loss function of DCAE (Eq. (13))
as follows:

bce = — ¥, ¥ (i log(r;) + (1 — 1) log(1 — 7)) (13)
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IV. RESULTS AND DISCUSSION

In this study, the COVID-19 detection accomplishment of
the BRKODL-COVIDC method is examined by employing
the CXR dataset [30]. The dataset description is given in
Table 1.

Table 1. Database details

Classes Image Numbers
ARDS 15
COVID-19 220
No Finding 27
Pneumocystis 15
SARS 11
Streptococcus 17
Overall Images 305

Fig. 3 portrays the confusion matrices formed by
BRKODL-COVIDC model at 80:20 and 70:30 of the
TRAP/TESP. The investigational output pointed out the
efficient recognition of the overall 6 classes.

The COVID-19  classifying  outputs of  the
BRKODL-COVIDC model under 80:20 of TRAP/TESP are
illustrated in Table 2 and Fig. 4. The investigational outputs
emphasized that the BRKODL-COVIDC model precisely
classified different classes. On 80% of the TRAP, the
BRKODL-COVIDC model obtains an average accu, of
99.59%, precision of 99.72%, sensitivity of 96.53%,
specificity of 99.28%, and F-score of 97.99%. Similarly, with
20% of the TESP, the BRKODL-COVIDC model increases
average accuracy of 98.91%, precision of 94.08%, sensitivity
of 94.44%, specificity of 98.68%, and F-score of 93.15%,
respectively.
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Fig. 3. Confusion matrices of (a—c) 80:70 TRAP and (b—d) 20:30 TESP.

Table 2. COVID-19 classifier outcome of BRKODL-COVIDC approach at

80:20 of TRAP/TESP
Accuy Precn Sensy Specy Fscore
1% 1% % 1% 1%
ARDS 100.00 100.00 100.00 100.00 100.00
COVID-19  98.77 98.31 100.00 95.65 99.15
No Finding  99.59 100.00 95.83 100.00 97.87
TRAP (80%) Pneumocystis 99.18 100.00 83.33 100.00 90.91
SARS 100.00 100.00 100.00 100.00 100.00
Streptococcus 100.00 100.00 100.00 100.00 100.00
Average  99.59 99.72 96.53 99.28 97.99
ARDS 96.72 100.00 66.67 100.00 80.00
COVID-19  98.36 97.83 100.00 93.75 98.90
No Finding  100.00 100.00 100.00 100.00 100.00

Class Disease

(2358)}) Pneumocystis 100.00 100.00 100.00 100.00 100.00
° SARS 100.00 100.00 100.00 100.00 100.00
Streptococcus 98.36 66.67 100.00 98.31 80.00
Average 9891 94.08 94.44 98.68 93.15
B Training Phase (80%)
[l Testing Phase (20%)
100
98
g
g
= 96
S
&
<
94
92.

accuracy  Preccision  Sensitivity Specificity F-Score

Fig. 4. Average of BRKODL-COVIDC method at 80:20 of TRAP/TESP.

Streptoccus n n n n n n

The encoding and decoding were calculated with the help
of Eqgs. (9)—(11). The performance analysis of the proposed
methodology
classification, using a 70:30 split between training (TRAP)
and testing (TESP) datasets, is presented in Table 3 and
illustrated in Fig. 5. The simulation results confirm that the
BRKODL-COVIDC  model
between multiple COVID-19 classes, demonstrating strong

BRKODL-COVIDC

classification capability.

for

COVID-19

effectively  distinguishes

Table 3. COVID-19 classifier outcome of BRKODL-COVIDC model at

70:30 of TRAP/TESP

Class Disease Aﬁ;’uy P/':;f" ‘S'/";Zsy S%ch F/‘f,;;”
ARDS 97.18 7273 7273 98.51 72.73

COVID-19 9531 94.81 98.65 87.69 96.69

No Finding  99.06  90.48 100.00 98.97 95.00

TRAP (70%) Pneumocystis 98.12  88.89  72.73  99.50  80.00
SARS 98.59 100.00 70.00 100.00 82.35

Streptococcus  97.65 9091 7143  99.50 80.00

Average 97.65 89.63 80.92 9736 84.46
ARDS 100.00 100.00 100.00 100.00 100.00

COVID-19  97.83 98.61 98.61 95.00 98.61

No Finding 9891 88.89 100.00 98.81 94.12

TESP (30%) Pneumocystis  98.91 100.00 75.00 100.00 85.71
SARS 100.00  100.00 100.00 100.00 100.00
Streptococcus  100.00  100.00 100.00 100.00 100.00

Average 99.28 97.92 95,60 98.97 96.41

When trained on 70% of the data (TRAP), the model
achieved an average accuracy of 97.65%, precision of
89.63%, recall of 80.92%, specificity of 97.36%, and
Fl-score of 84.46%. These values indicate that the model
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performs consistently well across different performance
metrics, particularly in recognizing positive and negative
cases with high specificity.

B Training Phase (70%)

100 1 [ Testing Phase (30%)

Avg - Values (%)

Accuracy Sensitivity Specificity F-Score MCC
Fig. 5. Average of BRKODL-COVIDC model at 70:30 of TRAP/TESP.

Furthermore, when evaluated on the remaining 30% of the
data (TESP), the BRKODL-COVIDC model delivered even
better performance, achieving an average accuracy of
99.28%, precision of 97.92%, recall of 95.60%, specificity of
98.97%, and F1-score of 96.41%. These results demonstrate
the robustness and generalization capability of the model,

confirming its suitability for reliable COVID-19
classification in practical scenarios.
To evaluate the accomplishment of  the

BRKODL-COVIDC technique with 80:20 of TRAP/TESP,
Training and Testing accuracy curves are determined, as
portrayed in Fig. 6. The TRA and TES accuracy curves
display the performance of BRKODL-COVIDC technique
over several epochs. The figure exhibits the capability of the
learning  tasks and generalized abilities of the
BRKODL-COVIDC technique. As the epoch rises, it is
perceived that the TRA and TES accuracy curves attain
improvement. It is detected that the BRKODL-COVIDC
technique obtains amended testing accuracy for identifying
the patterns in the TRA and TES data.

Training and Validation Accuracy (80:20)

4= Training

== Validation

0.95 4

0.90

0.85 |

Accuracy

0.80

0.75

0

5

10
Epochs

Fig. 6. Accu,, curve of BRKODL-COVIDC model at 80:20 of TRAP/TESP.

15 20 25
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Fig. 7 demonstrated the complete loss values of the TRA
and TES of the BRKODL-COVIDC approach with 80:20 of
TRAP/TESP over epochs. The TRA loss signified the loss
reduces over epochs. Chiefly, the loss decreases as the model
alters the weight to decline the forecast error on the TRA and
/TES data. The loss curves exhibit the level to which the
model is fitting the TRA data. It is seen that the TRA and TES
losses are slowly minimized, and it is defined that the
modified BRKODL-COVIDC method effectively learns the
patterns shown in the TR and TS data. The
BRKODL-COVIDC method modified the parameters to
reduce the discrepancies between the forecast and the actual
TRA label.
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Fig. 7. Loss curve of BRKODL-COVIDC method at 80:20 of TRAP/TESP.

The Plotting accuracy alongside recall illustrates the
Precision-Recall (PR) accomplishment of  the
BRKODL-COVIDC method with an 80:20 TRAP/TESP
ratio, as presented in Fig. 8. The investigational outputs
showed that the BRKODL-COVIDC method acquires
enhanced PR with each 6 classes. The figure indicates that the
technique learns to identify five discrete classes. The
BRKODL-COVIDC method attains augmented outputs in
the detection of positive instances with decreased false
positives.

Precision-Recall Curve (80:20)
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The ROC study shown by the BRKODL-COVIDC system,
which uses an 80:20 ratio of TRAP/TESP, is displayed in
Fig. 9 and can tell apart the 5 classes. The figure provided
valuable details about the trade-off between the True Positive
Rate (TPR) and False Positive Rate (FPR) across various
classification thresholds and different epoch counts. It
precisely portrays the anticipated accomplishment of the
BRKODL-COVIDC system through the identification of six
diverse classes.
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Fig. 9. ROC curve of BRKODL-COVIDC method at 80:20 of TRAP/TESP.

The COVID-19 classification results using the proposed
BRKODL-COVIDC method, along with other recent deep
learning models, are shown in Table 4 and Fig. 10. The
experimental results show that the DLS-SCD method
performs poorly. In comparison, methods like InceptionV3,

ResNet-50, VGG16, and AD-TLCNN perform slightly better.

The SCODL-DDC method achieves relatively good results.
However, the BRKODL-COVIDC method outperforms all
others, achieving an accuracy of 99.59%, precision of
96.53%, recall of 99.28%, and F1-score of 97.99%. These
results clearly demonstrate that BRKODL-COVIDC delivers
superior performance in COVID-19 classification.

Table 4. Relative output of BRKODL-COVIDC approach with recent DL

models

Methods Accuy /% Sens,/% Spec,/% Fgoore/%
BRKODL-COVIDC 99.59 96.53 99.28 97.99
SCODL-DDC 99.45 95.65 99.11 97.27
InceptionV3 97.65 94.26 97.68 90.43
ResNet50 97.08 88.17 97.85 84.07
VGG16 96.59 86.57 97.80 83.26
DLS-SCD 86.44 86.21 86.66 86.01
AD-TLCNN 95.07 95.46 97.18 92.33
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Fig. 10. Comparative outcome of BRKODL-COVIDC method with current
DL methods.

V. CONCLUSION

This study paper proposes the BRKODL-COVIDC
approach, an automated model for COVID-19 recognition
and classification on CXR images. The aim of the
BRKODL-COVIDC approach is to detect and identify the
models. The presented BRKODL-COVIDC technique
utilizes four main functions: BF-based pre-processing,
DenseNet121 feature extractor, RKO-based hyperparameter
tuning, and DCAE-based classification. In this work, the
complex patterns and features in the images can be derived
from the DenseNet121 model. For optimal hyperparameter
selection of the DL methods, the RKO model can be applied
in this study. Finally, the BRKODL-COVIDC technique
employs the DCAE model and is utilized for classification
purposes. The simulation  outcomes  of  the
BRKODL-COVIDC model are experimented on with a
standard dataset. The simulation outputs described the
improved accomplishment of the BRKODL-COVIDC model
for the COVID-19 detection process. Thus, the study offers
solutions for sustainable health care that aim to maintain a
sustainable health environment for public health challenges
and contribute to the national priorities of RDI.
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