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Abstract: Globally, the coronavirus (COVID-19) has had
a negative impact on economies and healthcare
systems. Clinical practitioners may become confused
while identifying this new form of flu because the
symptoms of COVID-19 are similar to those of existing
chest conditions as pneumonia, tuberculosis (TB), lung
cancer (LC), and pneumothorax. To address this
problem, this study created a model to categorize
various chest infections. In medical practice, chest x-ray
examinations are the most common diagnostic
technique and the main means of identifying these
different types of chest infections. Researchers and
paramedics are working hard to develop an accurate
and reliable technique for the early diagnosis of COVID-
19 to save lives; however, the diagnosis of COVID-19
remains highly idiosyncratic and varies significantly.
Therefore, a multi-classification method was created
and tested in this work based on deep learning (DL) and
a mathematical algorithm model for automatic
differentiation of COVID-19 cases from pneumonia
based on chest x-ray images. These two diseases were
diagnosed using a hybrid model named FPDCnet, which
integrates a convolutional neural network (CNN) and
Fractional Partial Differential models. This model was
used alongside publicly available benchmark data to
identify the diseases, and the performance was
evaluated using several objective metrics, where it

recorded an impressive accuracy of 98.1 %; the model
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also demonstrated remarkable precision (0.982), recall
(0.980), and F1-score (0.981) values.

Keywords: COVID-19 infection; Pneumonia infection;
Image classification; Chest x-rays; CNN; Fractional

partial differential algorithms.

1. Introduction

2019 marked the
emergence of a new kind of disease in Wuhan, China,

The early days of December

where people reported pneumonia-like symptoms with
unexplained origins [1]; such patients displayed signs
similar to those of severe acute respiratory syndrome
(SARS). However, there were other alarming problems,
and only a few persons displayed signs of a rapid
progression to acute respiratory distress (ARD) [2]. Few
January 7, 2020,
the rubble
announced when a patients’ throat swab sample was

days later, specifically on a

breakthrough towards solving was
used to identify the disease by the "Chinese Centre for
Disease Control and Prevention" (CCDC); the disease
was identified as a novel coronavirus (nCoV), which was
later designated by the "World Health Organization"
(WHO) as 2019-nCoV [3]. Since December 31, 2021,
more than 284,992,606 persons have been infected by
the virus, resulting in more than 5,000,000 deaths, and
> 2,000,000 recoveries [4]. In severe cases, frontline
specialists first needed to use the RT-PCR test to identify
COVID-19 [5]. After the infected person's DNA is
extracted using the reverse transcription technique, it is
subjected to PCR to strengthen it before analysis. This
process can detect coronavirus because it is an RNA
virus [6]. The increasing demand for rapid COVID-19 test
results caused significant delays in results delivery form
using only PCR kits; again, most of these PCR kits
produce false-negative (FN) results that makes their
results unreliable [7]. The symptoms of COVID-19
infection include fever, coughing, shortness of breath,
sore throat, chest pain, and loss of taste or smell. As
these symptoms are also common in patients with
tuberculosis (TB) and pneumonia, clinicians find it
challenging to identify COVID-19. Hence, researchers
and medical professionals are working to find a reliable
way to diagnose COVID-19, such as methods based on X-
ray image analysis [4]. These days, chest radiography, or
chest x-rays, is one of the most used and affordable
clinical diagnostic techniques [8] [9].

Image analysis has become one of the recent methods
of detecting and diagnosing deadly illnesses like TB and
pneumonia, as well as the early stages of LC [10]. A chest
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X-ray can reveal a great deal about a patient's medical
history. While correctly identifying COVID-19 on a chest
radiograph is always a top priority for medical
professionals, the overlapping tissue features in chest x-
rays have significantly raised the difficulty of accurate
analysis. Therefore, it is difficult for practitioners to
identify COVID-19 when the lesion partially covers the
ribs or closely resembles nearby tissues. It can
occasionally be difficult to distinguish between COVID-
19, LC, pneumonia, and TB from chest x-rays, even for a
skilled medical professional. Consequently, this problem
might be solved by employing artificial intelligence (Al),
especially deep learning models, to automatically
diagnose these illnesses from chest radiographs [11].
There has been a great deal of excitement about news
that deep learning and transfer learning techniques
outperform people in diagnostic assessments. In
artificial intelligence, both approaches (especially deep
learning) offer a framework for utilizing previously
learned information to tackle novel but pertinent tasks
considerably more quickly and efficiently [12]. Its ability
to fine-tune based on previously trained models is a key
component of the transfer learning process. Because of
this feature, deep learning models are the most widely
used method for disease classification from medical
images. The classification of diseases has been
transformed by DL models, which have also opened up
new avenues for medical practitioners [13], [14].
Medical systems collaborating with CNN have made
substantial advancements in disease diagnosis, such as
cancer diagnosis, gene analysis, and the treatment of

chest infections.

Researchers and paramedics are working hard to
develop an accurate and reliable technique for the early
diagnosis of COVID-19 to save lives; however, the
diagnosis of COVID-19 remains highly idiosyncratic and
varies significantly. Therefore, a multi-classification
method was created and tested in this work based on
deep learning (DL) and a mathematical algorithm model
for automatic differentiation of COVID-19 cases from
pneumonia based on chest x-ray images. These two
diseases were diagnosed using a hybrid model named
FPDCnet, which
network (CNN) and Fractional

integrates a convolutional neural
Partial Differential

models.

This manuscript has been structured as follows: the
materials & methods used are presented in Section 2;
the extensive experimental results and their discussion
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are in Section 3; the study's conclusion and future work
are in Section 4.

2. The Proposed Model

Image enhancement plays a crucial role in improving the
quality of medical images by applying algorithms that
enhance contrast and highlight fine structural details. In
this study, a new and robust deep learning framework,
FPDCNet, was designed for the accurate classification of
COVID-19 and pneumonia cases from chest X-ray
images. The effectiveness of such models depends

Chest X-ray dataset

Merging Datasets

Evaluation Metric

heavily on the choice of datasets; therefore, two distinct
datasets, one comprising pneumonia cases and the
other COVID-19 cases, were carefully selected and
subsequently merged before the pre-processing stage.
This
representation of infection patterns. The proposed

integration ensures sufficient diversity and
FPDCNet model was then trained to discriminate
between normal and abnormal cases, and it achieved
reliable detection performance. The overall structure
and workflow of the FPDCNet architecture are
presented in Figure 1.

Pre-processing Stage

—>|

Image Resizing
Image Normalization

—)| Model Training

Trained Model

CovidX dataset

Accuracy, Precession
Re-call, F1
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Figure 1. The architecture of the proposed FPDCNet model

2.1. Dataset

Two distinct datasets were employed in this study, one
related to pneumonia and the other to COVID-19. The
Mendeley Data repository provided the pneumonia
dataset, also known as the Chest X-ray dataset, which
includes 5,856 chest X-ray pictures [15]. The dataset was
divided into the Normal class and the Pneumonia class.
Sets for testing, validation, and training are further
segmented into each category. The Normal class, in
particular, has 1,341 training, 8 validation, and 234
testing images, whereas the Pneumonia class has 3,875
training, 8 validation, and 390 testing images combined.
The proposed FPDCNet model for the identification and
classification of COVID-19 infections from X-ray images
was trained concurrently using the COVID-19 dataset.
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There are 13,975 images in the dataset, making it the
largest chest X-ray database that is commonly available
for COVID-19 research [16].

2.2, Dataset Merging

Before the data pre-processing phase, the two datasets
(chest X-rays and COVID-19) were merged; the merging
of the two datasets typically uses operations similar to
grouping operations. This process combines all records
from both datasets, including duplicate records.
Equation 1 illustrates the process of merging the two

datasets.

Merged Dataset = Pneumonio dataset U COVID — 19 dataset

(1)
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The merge function takes the two datasets as inputs and
combines them according to a key column. The general
formula can be written as shown in Equation (2).

Merged Dataset = merge (D}, D;.on = key, how = joing,,)

(2)
Where:

D,

= Chest X-ray dataset

D
e =COVID-19 dataset
key
. = Common Column (e.g., patient_id)
how
. =Join type ( inner, outer, left, right)
2.3. Data Prepressing

Data pre-processing is an essential step that must be
completed before applying any machine learning or
deep learning model. This stage ensures that the
acquired data is both high in quality and suitable for
model implementation. In this study, the pre-processing
procedure consisted of two main steps. The chest X-ray
images initially varied in size, with widths ranging from
1350 to 2800 pixels and heights from 690 to 1340 pixels.
To maintain consistency, all images were resized to a
fixed resolution of 299 x 299 pixels (see Equation 3)[17].
As shown in Table 1, the number of COVID-19 training
and validation images was comparatively lower than
that of other chest diseases. To address this imbalance,

the “Synthetic
(SMOTE)” was applied to the utilized X-ray images.
SMOTE mitigates the issue of overfitting [18] by
generating synthetic samples based on the CNN

Minority Oversampling Technique

algorithm. Specifically, it selects random data points
from the minority classes and synthesizes
Additionally, data
performed to standardize the input for effective model
the
methods (see Equation 4), pixel normalization was

new

instances. normalization was

training[14]. Among available normalization

chosen to prepare the data for training the proposed

FPDCNet model. After completing these steps, the
datasets were ready for the training phase.

resized image res:’ze{:’mnge.{?gg.Egg]}

(3)

}'r = G+ &
(4)
Where:
rl
e = Normalize pixel value (the output)
X
e =The pixel value (for grayscale) images
u
e =mean (average) of pixel values
o
e = Standard deviation of the pixel value
E 10-2
= a very small constant ( ) just to avoid division
by zero

Table 1. Splitting of the dataset for training, testing, and validation

Data Splitting COVID-19 Pneumonia Normal Total
Training 1670 2707 2065 6442
Validation 467 773 589 1829
Testing 234 387 295 916

Total 2371 3867 2949 9187

2.4. Training Environment

The “Adam Optimizer” [19] and the “Categorical cross-
entropy loss function” [20] are used to train the model.
The model was evaluated using different metrics such as
precision, Fl-score, recall, and accuracy during the
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training phase. To minimize overfitting, callbacks such as
ModelCheckpoint  [21], [22],
ReducelLROnPlateau [23] are also used.
ModelCheckpoint serves in saving the model with the

EarlyStopping and

routines

best performance during training, while the task of
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regularly checking the training accuracy is performed by
the EarlyStopping function. The training procedure is
terminated if, after a predetermined number of epochs,
the accuracy does not increase. The role of the
ReduceLROnPlateau function is to reduce the learning
if the accuracy does not

rate increase after a

predetermined number of epochs (the patience
parameter is set to 1 in this case). This implies that the
learning rate will drop if the accuracy does not increase
if there

improvement in accuracy after 3 epochs, training will be

after one period. Additionally, is no
stopped as the stop parameter is set to 3. Now that the
factor parameter is set to 0.5, if no improvement is seen
after one epoch, the learning rate will be reduced by a

factor of 0.5.

2.5. Evaluation Metrics

To evaluate the proposed model, Several metrics have
been used to ensure that the proposed FPDCNet is
accurate and robust to accurately identify COVID-19 and
pneumonia diseases; these metrics have been usually
used in the existing studies [14], [24] :

TN + TP

re

Precision = m (6)
Recall = kil 7
T TP+ FN @)

F — Measure 2 Precision - Recall Precision + Recall

(8)

3. Results And Discussion

3.1. Experimental Results

The achieved results of the proposed FPDCNet model
it
automatically detecting COVID-19 and Pneumonia from

suggest that is a highly reliable model for
chest X-ray images. The model's performance was
evaluated through training and testing using various
evaluation metrics. During the training process, the
evaluation process is essential to make sure that the
model is functioning smoothly and that adjustments are
made accordingly. This section discusses the results that
were achieved, followed by a comparison of the
proposed model's performance with that of other
similar studies. The accuracy variation on the training
and validation datasets is depicted in Figure 2, where it

begins to rise quickly after 2.5 epochs, peaking after 17

Accuracy = TN Y TP + FN ¥ FF ®) epochs at 0.98.
Training and validation accuracy
train_accuracy
val accuracy
0.98 1
0.296
-
()
©
=
o 0.94 -
1%}
0.92
0.90 1

2.5 5.0 7.5

T T
10.0 17.5

Epochs

12.5 15.0

Figure 2. The accuracy metric for the training and validation phases

Figure 3 shows the change in loss over the training and
validation phases. As validation progresses, the loss
begins to decline but reaches a minor high between 6
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and 7.5 epochs before hitting 0.08. However,
throughout training, the loss progressively drops until it

hits 0.05 after roughly 17 epochs.
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Training and validation loss

— ftrain_loss
0.25 - val_loss
0.20
E 0.15 -
0.10 \._
0.05 1
T T T T T T T
2.5 5.0 7.5 10.0 12.5 15.0 17.5

Epochs

Figure 3. The loss metric for the training and validation phases

Figure 4 depicts the fluctuation of the Fl-value; the F1 the training F1 score is higher than the validation F1
score begins to gradually rise in both training and score.
validation, reaching its peak after 17 epochs. In the end,

Training and validation f1

train_f1
val _fl
0.98 1
0.96
=
0.94 1
0.92 1
0.90 1
T T T T T T T
2.5 5.0 7.5 10.0 12.5 15.0 17.5

Epochs

Figure 4. The F1 metric for the training and validation phases

The recall values for the training and validation phases shown in Figure 5 started increasing gradually until the
number of epochs was 17.
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Training and validation recall

train_recall
val_recall
0.98 -
0.96 -
=
O 0.94 1
0.92
0.90
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2.5 5.0 7.5 10.0 12.5 15.0 17.5

Epochs

Figure 5. The recall metric for the training and validation phases

The precision value in Figure 6 showed an increment in the training and validation steps, reaching a peak at 17
epochs.

Training and validation precision

train_precision
val _precision
0.98
0.96
=
=
i
L]
e
= 0.94
0.92
T T T T T T T
2.5 5.0 7.5 10.0 12.5 15.0 17.5
Epochs
Figure 6. The precision metric for the training and validation phases
3.2. Comparative Study producing high-quality classification results.

The FPDCNet model was selected for this investigation Nevertheless, a number of studies have used deep

due to its outstanding characteristics and capability for learning models to categorize pneumonia and COVID-
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19. The performance of the two previous models is
summarized and contrasted with the suggested
FPDCNet model in this section. Using a VGG model, the
first models [25] recorded 97.13 %, 96.48 %, and 96.89
% accuracy values during the testing, validation, and
training phases, respectively. In this study, the specific
results for each class showed an accuracy value of 98.19
% for bacterial pneumonia, 97.67 % for COVID-19, and
97.93 % for the normal class. Hence, the FPDCNet model
is an appropriate and better model for the accurate

categorization of COVID-19 and pneumonia cases.

In the second investigation [26], a pre-trained CNN
architecture with the VGG-16 and DenseNet121 models
was used. The CNN model performed better than the
pre-trained networks in terms of Fl-score, recall, and
precision. Furthermore, compared to the pre-trained
networks' accuracy rate of 88 %, the CNN model's
accuracy rate of 91 % was significantly better. Figure 7
shows that, in comparison to the two experiments
mentioned, the suggested FPDCnet model in this study
achieved the maximum accuracy of 98.10 %. Figure 7
shows the accuracy comparison between the proposed
model and the referenced models.

Accuracy-Based Comparative Study

100
938
96
94
92
90
88
86

ACCUARCY METRICS

[25]

Our Model

[26]

Figure 7. A comparison analysis of the accuracy of the proposed model and the referenced models

4, Conclusion And Future Direction

Following the outbreak of the COVID-19 pandemic and
its severe health consequences, the urgent need to
rapidly and accurately detect COVID-19 infections
became evident. As medical understanding of the
disease advanced, differentiating COVID-19 from
pneumonia gained critical importance since both
conditions require distinct diagnostic and treatment
approaches. In response, a large body of research has
been dedicated to developing intelligent models that
can effectively distinguish between normal cases,
pneumonia cases, and COVID-19 infections using chest
X-ray images. In this study, a hybrid framework that
integrates deep learning with advanced mathematical
modelling was introduced and named the FPDCnet
model. By embedding fractional partial differential
(FPD) operators into the convolutional layers of the CNN
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both feature
extraction and fractional-order dynamics to enhance

architecture, the model leverages

classification performance. The proposed model
demonstrated remarkable results, achieving a precision
of 0.982 and an accuracy of 98.1 % in distinguishing
between the three classes (normal, pneumonia, and
COVID-19). These findings confirm that the proposed
FPDCnet model is a powerful diagnostic tool with strong
potential for supporting medical decision-making in

real-world clinical settings.

4.1. Future Directions

While the current model exhibits high performance, the
integration of fractional-order algorithms offers vast
opportunities for future development in medical
imaging and beyond. Unlike classical integer-order
methods, fractional differential

partial equations
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(FPDEs) allow for modelling memory and hereditary
properties in data, which is particularly useful for
representing the complex dynamics of biological
systems. A general form of the time—space fractional
diffusion equation that could be embedded into future
Al architectures is:

8 v (x.7) v (x,1)
Py NG + flulx . 7)),
Where:
ot € (0.1] represents the fractional order in time

(capturing memory effect)
of E1(0.2] represents the fractional spatial derivative (
capturing long-range dependencies)

o is the diffusion coefficient

S, D)

progression

model nonlinear dynamics such as disease

By embedding such equations into CNNs, future models
could dynamically adapt feature extraction to temporal-
spatial patterns in medical images. This may significantly
improve not only COVID-19 and pneumonia detection
but also broader applications such as cancer screening,
neurodegenerative disease monitoring, and real-time
epidemic modelling.
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