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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.
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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

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

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. MATERIALS AND METHODS

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.

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















performs consistently well across different performance
metrics, particularly in recognizing positive and negative
cases with high specificity.
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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.

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

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.

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.

Fig. 8. PR curve of BRKODL-COVIDC method at 80:20 of TRAP/TESP.



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

Il BRKODL-COVIDC [ VGG-16 Model
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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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