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Abstract—Timely detection and diagnosis of coronary artery
segment plaque and stenosis in X-ray angiography is of great
significance, however, the image quality variation, noise, and
artifacts in the original image cause definitive difficulties to the
current algorithms. These problems pose a challenge to
meaningful analysis via traditional approaches, which
compromises the efficiency of detection algorithms. To overcome
these drawbacks, the current study presents a new integrated deep
learning technique that integrates Deep Convolutional Neural
Network (DCNN) with Generative Adversarial Network (GAN) in
dual conditional detection. Detailed feature learning extracted
from X-ray angiography images are performed through DCNN
where it considers vascular structure and automatic pathologic
regions detection. The use of GANs is to further enrich the dataset
with synthetic images, distortions, and visual noise, which will
make the model more immune to various conditions of images.
Both approaches combined help in better classification of normal
and pathological areas and less sensitiveness to quality of the
obtained images. The proposed method therefore has shown an
improvement of the diagnostic accuracy as a solid foundation for
clinical decision making in cardiovascular systems. The efficacy of
the suggested approach has been demonstrated by the following
evaluation metrics: 97.9% F1 score, 98.7% accuracy, 98.2%
precision, and 98% recall. The results prove higher sensitivity and
accuracy of the plaque and stenosis identification comparing to the
traditional methods, which confirms the efficiency of using the
proposed DCNN-GAN method for considering the real-world
fluctuations in the medical imaging. It reveals a decisive
advancement in the ability to use algorithms for cardiovascular
assessment by providing better results in difficult imaging
environments.
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. INTRODUCTION

Correct detection of plague formation together with stenosis
severity enables the prevention of major cardiovascular health
risks which lead to heart attacks and strokes. Timely
interventions made possible by early diagnosis help minimize
morbidity and mortality rates together with enhancing total
patient outcomes. The accumulation of fat deposits in the
arteries and the ensuing restriction of these essential blood
channels are recognized as coronary artery plaque and stenosis,
which are most important issues with cardiovascular fitness [1].
Plaque development starts a complex chain of activities inside
artery partitions and is commonly made from Idl cholesterol, cell
particles, calcium, and fibrin. These deposits may eventually
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solidify and impede blood flow, which might reduce the amount
of oxygen-wealthy blood that reaches the coronary heart muscle
[2]. Simultaneously, this blockage is made worse by means of
stenosis, or the narrowing of the arteries, which is regularly
brought on via plaque build-up or the thickening of the artery
partitions. The important results of those disorders for the health
and properly-being of patients are highlighted via the huge
upward thrust within the chance of cardiovascular occasions,
together with heart attacks and strokes. X-ray angiography,
which gives specific renderings of arterial structures, is one of
the clinical imaging modalities this is most regularly utilized
inside the clinical diagnosis of coronary artery plaque and
stenosis [3]. Timely treatments and individualized treatment
techniques are established on early diagnosis and specific
evaluation of plague load and stenosis severity. In order to
improve diagnostic accuracy and prognostic capacities, modern
research efforts are focused on building state-of-the-art imaging
algorithms and computer models, inclusive of DL techniques
and Bayesian frameworks [4]. Clinicians may additionally better
manage and decrease the dangers related with plaque formation
and stenosis with the aid of the use of these novel strategies to
better understand and pick out coronary artery sickness, with a
purpose to subsequently improve patient results and great of
existence [5].

X-ray angiography image offer scientific personnel with a
complete view of the artery machine, they may be vital for the
identification and therapy of cardiovascular ailments [6]. With
the usage of X-rays, this imaging technique highlights the
anatomy and operation of blood arteries with the aid of taking
real-time photos of them after a contrast agent injection [7]. X-
ray angiography helps come across anomalies such as
blockages, constriction, and aneurysms that would impair blood
circulation to essential organs, mainly the coronary heart and
brain, by way of carefully mapping the direction of blood float
through arteries and veins [8]. Because those images can
precisely pick out the location and diploma of artery blockages,
they are helpful in helping to guide interventional treatments
along with angioplasty and stent implantation. Moreover, X-ray
angiography facilitates medical doctors make properly-
knowledgeable judgments on endured affected person care by
using allowing them to music the route of the ailment and
compare the effectiveness of treatments [9]. The endured
significance of X-ray angiography in modern medicine is proven
via the truth that, despite the development of non-invasive
imaging technology consisting of CT and MRI, this take a look
at continues to be important for the prompt and particular
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detection of acute cardiovascular crises and complex vascular
issues.

Image analysis has gone through a revolution due to the fact
that, the Deep Convolutional Neural Network, which
automatically develop hierarchical representations from
uncooked pixel records. Because this magnificence of neural
networks is so desirable at figuring out small info and patterns
in pictures, it is especially beneficial for tasks like segmentation,
category, and object popularity [10]. Multiple convolutional
filter layers are used by DCNNs to methodically extract
regularly summary records from input photographs. Every layer
has the ability to understand wonderful patterns, consisting of
edges, textures, and complex systems, which enables the
community discover minute versions that are essential for
precise image interpretation. The generator and discriminator
neural networks in an aggressive game framework make up a
Generative Adversarial Network. While the discriminator learns
to differentiate among produced and real facts, the generator
learns to create synthetic data (together with pix and sounds) that
mimic actual samples from a training dataset. GANSs reach a
pleasant stability thru iterative education: the discriminator
becomes better at figuring out authenticity, at the same time as
the generator receives more sensible output [11]. The outputs
produced by means of this adverse learning process are highly
sensible and can be unsuitable for real information. GANs have
located programs in a wide range of disciplines, which includes
pc vision, herbal language processing, and biomedical imaging.
They have revolutionized jobs like picture synthesis, statistics
augmentation, and anomaly detection [12].

The selection of DCNN-GAN model occurred because its
image quality handling capabilities together with improved
diagnostic verification and enhanced feature extraction satisfied
the project requirements. The model's generation abilities
increases dataset size while making the program resistant to
artifacts and noise thus making it appropriate for plague and
stenosis detection in coronary arteries. The suggested study
demonstrates a way to higher pick out coronary artery stenosis
and plaque in X-ray angiography images by using utilising the
complementing traits of GAN and DCNN. An energy of DCNNs
is complicated function extraction from clinical snap shots, that's
crucial for accurately identifying unwell illnesses. The DCNN
element, skilled on annotated datasets, correctly identifies areas
as both regular or suggestive of plaque and stenosis. In addition,
GANSs enhance the dataset by means of producing synthetic
pictures that intently resemble real angiography scans. This
improves the schooling information and makes the DCNN more
resilient to changes in ailment presentation and photo excellent.
Moreover, anomaly identity is made viable by way of the hostile
education of GANs, which may also display subtle signs and
symptoms of contamination development which might be
neglected by way of conventional diagnostic strategies. The
challenge intends to improve early intervention techniques,
enhance diagnostic accuracy, and subsequently resource in more
efficient medical selection-making in cardiovascular care by
way of combining many technologies right into a single
pipeline. Some of the important contributions of the proposed
look at are:
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e This method improves detection of the coronary artery
narrowing and plaque by combining the GANs with
DCNNs.

e The synthetic images created and added into the set by
the GANSs increase the range of inputs to be expected the
DCNN model, for various patients’ conditions and image
differences.

e The diagnosis is made early and is accurate, two factors
that help in early intervention by physicians and positive
patient wellness.

e The method enhances the ability of medical practitioners
to read X-ray angiography images thus enhancing
diagnosis in clinical practices.

e The approach incorporated deep learning to solve
difficult detection issues and improves medical imaging
of the procedures hence improving clinical decision
making.

The suggested work's section is organized as follows:
Section I11 has the problem statement, while Section Il contains
associated initiatives. The methodology of the article is covered
in Section 1V, along with the suggested work, pre-processing,
and execution. Section V presents the findings and discussion,
while Section VI offers suggestions for more research.

1. RELATED WORKS

Rodrigues et al. [13] suggests using a two-step DL system to
identify stenosis in X-ray coronary angiography pictures in a
largely automated manner. The approach uses two separate
convolutional neural network architectures to automatically
detect and classify the angle of view and calculate the
boundaries of the areas of interest in frames when stenosis is
evident. To improve the system's performance, approaches
including data augmentation and transfer learning are applied.
The findings indicate that the LCA and RCA had 0.97 accuracy
and 0.68/0.73 recall, respectively, in categorizing the LCA/RCA
angle view and regions of interest. These results pave the way
for an entirely robotic approach for determining the degree of
stenosis using X-ray angiographies, and they compare favorably
with earlier results achieved using analogous methodologies.

Ovalle-Magallanes et al. [14] offers a novel technique that
uses transfer learning to automatically detect coronary artery
stenosis in XCA images by employing a CNN that has already
been trained. A common heart condition called coronary artery
disease is brought on by abnormal construction of the coronary
arteries. It ranks among the leading causes of death globally.
XCA is the most standard imaging technique for diagnosing
stenosis. The technique selects the best cut and fine-tuned layers
using a network-cut and fine-tuning methodology after 20
alternative configurations. Three methodologies (actual data,
purely fake data, and artificial and real data) were used to fine-
tune the networks. The 10,000 photos in the synthetic dataset
were created using a generative model. The findings
demonstrated that pre-trained CNNs such as VGG16, ResNet50,
and Inception-v3 performed better in stenosis identification than
referencing CNNs.
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Pang et al. [15] suggests using an object detection network-
based technique called Stenosis-DetNet to automatically
identify coronary artery stenosis in X-ray images. To optimize
temporal information and produce precise detection results, the
approach makes use of an order consistency alignment module
and a series feature fusion module. The sequence feature fusion
module merges all candidate box features, whilst the order
consistency alignment module enhances preliminary results by
merging a coronary artery displacement information and image
characteristics of surrounding pictures. 166 X-ray picture
sequences were utilized in the experiment for testing and
training.  Stensis-DetNet outperformed the other three
approaches in terms of precision and sensitivity, coming up at
94.87% and 82.22% higher, respectively. The suggested
approach outperformed the approaches in suppressing false
positive and false negative findings of stenosis identification in
sequence angiography pictures.

Gil-Rios et al. [16] provides a strategy that overcomes
several classification approaches and DL methodologies to
automatically detect myocardial stenosis in X-ray coronary
pictures. The approach selects features using the Univariate
analysis Marginal Distribution Algorithm and compares
metaheuristics statistically to investigate the computational cost
of the search space. The approach is evaluated on two an X-ray
image dataset containing coronary angiograms and compared
with six other approaches currently in use. It is appropriate for
clinical usage based on the accuracy rate of 0.89 and 0.88, the
Jaccard Index of 0.80 and 0.79, and the average computing time
of about 0.02 seconds, as demonstrated by the findings. The
precision and Jaccard Index assessment metrics are used to
assess the efficacy of the procedure.

Stralen et al. [17] recommended a study on coronary artery
stenosis (CAD), a serious global health issue for which
automatic diagnosis of the condition on X-ray images is
essential. Atherosclerotic plaques and stenosis are the disease's
causes; these conditions increase the workload of the heart and
raise the risk of heart failure. In clinical practice, automated
stenosis detection might be utilized as a second reader or for
triage purposes. Deep neural networks are used to assess
whether stenosis can be detected in X-ray coronary angiography
pictures. Employing clinical angiography data from 438
patients, three potential object detectors were trained and
evaluated. EfficientDet demonstrated a mean average accuracy
of 0.67 in stenosis detection, supporting the notion that attention
processes enhance convolutional neural networks' capabilities
for medical imaging.

Ovalle-Magallanes et al. [18] enhances the identification of
stenosis in  X-ray coronary angioplasty using quantum
computing. A quantum network is used to improve the
performance of a classical network that has already been trained
in a hybrid transfer-learning paradigm. Normalization features
undergo processing in the quantum network after the classical
data have been processed afterwards into a hypersphere utilizing
a hyperbolic tangent function. A SoftMax function is used to
obtain class probabilities. The data is divided into several
circuits inside the quantum network using a distributed
variational quantum circuit, which speeds up training without
sacrificing detection performance. A small dataset of 250 image
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patches from X-ray coronary angiography is used to assess the
procedure. In terms of accuracy, recall, and -score, the hybrid
classical-quantum network fared much better than the classical
network, attaining 91.8033%, 94.9153%, and 91.8033%,
respectively.

Han et al. [19] said that the diagnosis and treatment of
coronary artery disease depend on the ability to recognize
coronary artery stenosis in XRA images. Unfortunately, most
methods suffer from poor spatiotemporal-temporal information
use. To gather spatiotemporal features at the suggested level for
an innovative stenosis detection method, a transformer-based
component is provided. The proposal-shifted spatio-temporal
tokenization approach gathers region-of-interest characteristics
that the Transformer-based feature aggregation network utilizes
to acquire knowledge a faraway spatio-temporal context for
final constriction prediction, hence enhancing the ROI features.
A remarkable score of 90.88% was attained, outperforming the
results of 15 other detection techniques, as examinations on 233
XRA sequences, both qualitative and quantitative, validated the
approach's effectiveness. This illustrates how well the technique
can detect stenosis from XRA pictures.

Algarni et al. [20] suggested an ASCARIS model that
conducts classification using the Attention-based Nested U-Net,
optimizes maximum principal curvature to improve contrast,
and eliminates noise pixels using a modified wiener filter. To
improve segmentation accuracy, angle estimation is applied.
Classifying X-ray pictures into normal and pathological classes
is accomplished by extracting double characteristics from the
segmented image using an architecture based on VGG-16.
Using the simulation tool MATLAB R2020a, the model's
performance was assessed and compared with previous methods
in terms of segmentation accuracy, PSNR, Hausdorff distance,
revised contrast to noise ratio, accuracy, sensitivity, specificity,
mean square error, dice coefficient, Jaccard similarity, and ROC
curve. The findings demonstrate that the suggested model works
better than current methods, resulting in an optimum
categorization of CAD. The technique enhances vascular
anatomy and eliminates background artifacts.

To partially automate the process of detecting stenosis from
X-ray coronary angiography pictures, a DL system has been
presented. The system recognizes and categorizes the angle of
view and areas of interest using two different convolutional
neural network designs. To improve the system's performance,
approaches including data augmentation and transfer learning
are applied. The findings indicate that the LCA and RCA had
0.97 accuracy and 0.68/0.73 recall, respectively, in categorizing
the LCA/RCA angle view and regions of interest. The technique
selects the best cut and fine-tuned layers using a network-cut and
fine-tuning methodology after 20 alternative configurations. For
automated identification of coronary artery stenosis on X-ray
images, the object detection network-based Stenosis-DetNet
approach is suggested. The method uses a hybrid transfer-
learning paradigm and quantum computing to improve stenosis
detection in X-ray coronary angiography. The previous research
had problems with the changes in angiography image quality is
one of its drawbacks. The performance of the classifier may be
impacted by irregular image quality, noise, or artifacts, which
might impair the efficiency of the pre-processing and feature
extraction processes.
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1. PROBLEM STATEMENT

The application of XCA visuals to study arterial stenosis
continues to provide significant challenges, partly because of
shortcomings found in the currently used approaches. The
primary problem is the potentially poor quality of the images,
which may contain imperfections and noise that improve
preprocessing and feature extraction functions while degrading
the effectiveness of the classifier [13] [20]. Furthermore, the
current methods, such as the one suggested by Han et al. [19],
do not maximize the utilization of dynamical data, leading to
suboptimal stenosis identification. Another significant problem
is the failure to reliably classify both the LCA/RCA, as
demonstrated through additional investigations, with consistent
recall frequencies. Furthermore, even though quantum
technology is used in combined transfer-learning and other DL-
related applications. Additionally, despite the seeming promise
of recent developments in DL, including a combined transfer-
learning systemusing quantum technology [18], these
technologies may be limited by the small datasets and
computational demands, which may harm their application in
practical. The lack of reliable methods to repeatedly manage the
picture quality and patients' anatomical differences is a further
significant problem, which adds to the complexity of accurately
evaluating stenosis in various populations [17]. Current models
face difficulties because they fail to handle variable image
quality while dealing with inconsistent accuracy between
different populations and demanding heavy computational
processing. The inadequate management of noise and
insufficient control of artifacts alongside limited dataset
availability produce unreliable and inconsistent accuracy. In
real-world medical settings the deployment of these methods
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Fig. 1.
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remains impractical because of challenges related to
interpretability, manual preprocessing requirements and their
limited adaptability. Because of the shortcomings of the
previous method, new intelligent and flexible algorithms would
be needed for the automated identification of stenosis in
coronary arteries utilizing XCA pictures.

V. JOINT CONDITIONAL DETECTION OF CORONARY
ARTERY PLAQUE AND STENOSIS USING DCNN-GAN

Early detection and diagnosis of cardiovascular illness is
crucial for the identification of stenosis and coronary artery
plaque in X-ray angiography pictures. Conventional techniques
frequently encounter image quality changes, including noise and
artifacts, which might impair the detection algorithms' accuracy.
To address these issues, providing a unique technique in this
paper that combines GAN with DCNN. GAN are used in the
augmentation of the dataset and DCNNs are used to extract
features from X-ray angiography images, which enables in-
depth examination of the vascular architecture and any
anomalies that might be signs of stenosis and coronary artery
plaque. Creating artificial images that mimic varying degrees of
noise and visual artifacts. This improves the model's resilience
to a range of image circumstances and speeds up the training
process. With the help of the integrated DCNN-GAN
architecture, joint conditional detection is made easier. In this
process, the system uses learnt characteristics to classify regions
of interest as either normal or pathological. Reducing the
influence of changes in image quality on detection performance,
this method seeks to greatly improve diagnostic accuracy and
reliability and open the door to more efficient clinical decision-
making in cardiovascular medicine.

0=
—y ;

Model Deployment
Augmentation Feature extraction &
using GAN classification using DCNN

Performance
Evaluation

Flow diagram of the proposed study.
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The procedure of utilizing the DCNN-GAN approach to
identify coronary artery plaque and stenosis in X-ray
angiography images is shown in the Fig. 1. The first step in the
procedure is data collection, which involves compiling an
extensive collection of varied and high-quality angiogram
images. The images are then enhanced and standardized for
training using normalization during the Data Pre-processing
stage. The core of the technique is DCNN-GAN, which
combines Deep DCNN for in-depth extraction and classification
of features with GAN for artificial picture generation to enrich
the dataset and mimic various visual circumstances, hence
boosting model resilience. Finally, performance evaluation to
validate its effectiveness and reliability. The cycle process
ensures continuous model improvement and robustness in real-
world clinical scenarios while addressing the drawbacks of
earlier methods for handling variations in picture quality.

A. Data Collection

The dataset Coronal Slices shows the MRI images that
depict coronal slices taken from the torso's successive
anteroposterior locations. A collection of 5000 X-ray
angiography images was obtained from multiple clinical
environments to deliver diverse patient population
demographics for enhancing model training effectiveness and
generalization ability. With its ability to provide a thorough
vision of blood vessels and any anomalies inside the coronary
arteries, -ray angiography images are essential diagnostic tools
in cardiovascular medicine. These images are produced by way
of injecting a substance that contrasts into the bloodstream and
acquiring X-rays whilst the agent flows through the heart and
coronary arteries. X-ray angiography, that is commonly used to
pick out illnesses such as coronary artery sickness, offers
scientific experts high-decision images in actual time that
display regions of stenosis (harrowing of the arteries), plaque
formation, and other cardiovascular problems. When it comes to
correctly interpreting those images and making selections about
remedy, such as implanting stents or present process pass
surgical procedure, their excellent and readability are crucial. In
order to reduce radiation exposure and maximize photograph
decision, present day X-ray angiography structures use modern
generation, ensuring affected person safety and powerful
prognosis. The goal of studies using X-ray angiography datasets
is to create automatic strategies to improve detection sensitivity
and performance. These techniques, which consist of DL
algorithms like DCNN-GAN, will assist tailored treatment plans
and early analysis in cardiovascular care [21].

B. Data Pre-Processing

The technique of converting unprocessed information right
into a clear and on hand shape for research is referred to as
statistics guidance. Making sure the data is prepared for ML
designs, involves actions including resolving values that are
missing, casting off outliers, normalizing or standardizing the
records, and encoding specific variables.

1) Normalization: Data normalization is the technique of
changing information in order that analytics and DL algorithms
might also use it in a constant manner. It is typically used to
convert raw statistics right into a layout higher suitable for DL
techniques including logistic regression, neural networks, and
linear regression. Normalizing facts in DL can help with data
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simplicity for records this is numerical as well as express. The
Min-Max Scaling technique converts statistics into a range
among 0 and 1 by way of dividing the information by the
difference between the best and least values, after which
subtracting the minimum fee from each information factor. The
normalization approach is useful in preventing the exceptions
from severely affecting the data while working with exceptions.

m-—Mmin
m, = —min 1
0 Mmax~Mmin ( )
In Eq. (1), m,,q, represents a feature's highest value, m,,,;,,
its minimum value, and m,, its normalization value.

2) Noise removal: The process of reducing noise in
images involves using filters in comparison to eliminate
unwanted stochastic changes, or noise, which obscures key
elements. A filter called Gaussian blur, which is a jointly-
existing approach, aims to apply a function called Gaussian in
addition to averaging pixels inside a certain area (to reduce
noise). The following Eq. (2) defines the Gaussian blur [22]:

1 x2+y?

G(x,y) = s—exp(—= = 37) @)

Whereas the Gaussian function is represented as G (x,),
the pixel coordinates are represented by and y, while the
standard variation ¢ explains the level of uniformity. The filter's
job is to reveal, by convolution, the Gaussian kernel with the
image. This minimizes the high-frequency elements, or noise,
while maintaining almost all of the boundaries.

C. GAN

Text, audio, and image data samples may be synthesized
using generative models called GANs. Combining training a
generator and discriminator neural networks at the same time is
the basic idea behind GANs. While the discriminator learns how
to discern between actual and phony data, the generator learns
how to create synthetic data samples. Through adversarial
training, where the generator tries to fool the ML algorithm and
the discriminator tries to discern between genuine and fake
samples, GANs are trained to generate realistic, high-quality
data.

2mo?

While the discriminator D seeks to discern between actual
samples (from the true data distribution Pdata(x) and
fraudulent samples created by G, the generator G seeks to make
realistic data samples from random noise z (taken from a
previous distribution pz(z) . With 6, as the generator's
parameters, the generator network learns to map the input noise,
z, to the data space,G (z; 6,). Conversely, an input x is mapped
by the discriminator, whose parameters are 8, to a probability
D(x; 64) that x is a genuine sample.

A GAN must optimize two loss functions during training:
one for the generator and one for the discriminator. While the
generator is taught to trick the discriminator into believing bogus
samples to be real, the discriminator is trained to optimize the
chance of accurately categorizing actual and fake samples. The
value function V(G,D) may be used to structure this as a
minimax game.

mingmaxpV(G,D) =
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Ex~Pdata(x) [lOg D(x)] + Ez~Pz(x) [log(l - D(G(Z)))] (3)

In Eq. (3), D is stimulated to produce high probability for
genuine samples bYE,_paqra(x [log D (x)], which stands for the
expected value of the discriminator's output logarithm for real
data. On the other hand, Ey_p(,[log(1 — D(G(2)))] stands for
the anticipated value of the logarithm of one less the output of
the discriminator for fictitious data, which incentivizes D to
produce low probability for fictitious samples produced by G.

D and G are updated in turn throughout training. The
discriminator is enhanced to more accurately distinguish true

Real Images

Random Input

T ST
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from false data, while the generator is updated to offer accurate
data that can trick the discriminator. In an ideal scenario, this
adversarial process results in the generator generating extremely
realistic samples that are identical to genuine data over time,
reaching a Nash equilibrium where neither the discriminator nor
the generator can operate better without altering the other.
Because GANs can learn complicated data distributions and
produce high-quality synthetic data, they are frequently
employed in many different applications, such as image
production, style transfer, and data augmentation.

SSO[
JOJRUTILIdSI(T

Discriminator

SSO[
I0JRIAURD)

Fig. 2. Architecture of GAN.

The design and operation of a GAN are depicted in the Fig.
2. The generator and discriminator are its two primary parts. The
generator, which converts random noise into a created image, is
the first step in the process. Using the training dataset, this
generator network learns to produce images that look authentic.
The discriminator is then given both the produced and actual
images from the dataset. It is the discriminator's job to determine
if these images are authentic or not. It produces a likelihood that
indicates if each image is artificially created or real. During
training, both the generator and the discriminator are in
competition with one another: the discriminator wants to
distinguish between real and fake pictures with accuracy, while
the generator wants to produce images that seem exactly like real
ones to trick the discriminator. The discriminator sharpens its
capacity to spot phony images, while the generator refines its
output to trick the discriminator even more. Until the generator
generates very realistic images that the discriminator can no
longer accurately separate from real images, adversarial training
will be conducted. Because of this dynamic process, GANs are
able to produce practical statistics, which makes them effective
tools for quite a few programs like information augmentation,
photo synthesis, and the creation of original content.

D. DCNN

The circle of relatives of DL models called DCNN has tested
magnificent overall performance in photo and video recognition
programs due to its ability to mechanically generate hierarchical
feature representations from unprocessed input records.
Common layers seenina DCNN design are convolutional neural
networks, pooling, and fully connected layers. Crucial to the
process are the convolutional layers, which use filters (kernels)

to convolve across the input image and create feature maps that
emphasize certain elements like edges or textures. The
convolution procedure may be mathematically represented in

Eq. (4),
X =W)(0,)) =ZmZnX@+mj+n)W(m,mn)  (4)

Output feature map, given by input X and a filter W. Taking
small portions of the input into consideration, this process
captures spatial hierarchies. Activation functions like as ReLU,
which are defined as in Eq. (5),

ReLU(x) = max(0,x) (5)

are applied after the convolutional layers to induce non-
linearity.

Pooling layers, often max pooling, substantially minimize
the spatial dimensions of the feature maps while achieving
spatial invariance and minimizing computation costs. The down
sampled output is represented by Y, and the max pooling
operation may be expressed mathematically in Eqg. (6),

Y(i,j) = max{X(p,q)|p, q| € poolinhregion} (6)

More intricate and abstract information are learnt as the
network becomes deeper, leading to fully linked layers that
combine these features to provide predictions. A SoftMax
function for classification problems is produced by flattening
and feeding the output of the last convolutional or pooling layer
into one or more fully connected layers.

eZJ

Sk ezk

a(2)j = U]
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Eg. (7) is the formula for the SoftMax function, where z is
the SoftMax layer's input vector and o(z)j denotes the
probability of the j -th class.

Backpropagation and optimization methods like stochastic
gradient descent (SGD) are used during DCNN training in order
to minimize a loss function, in this case, the cross-entropy loss
for classification.

Convolution

Input

Vol. 16, No. 1, 2025

H(p,q) = — X qi log(pi) (8)

Eg. (8) is the definition of the cross-entropy loss for a true
distribution g and a forecasted probability distribution p. Across
a wide range of contemporary computer vision applications,
from object identification and segmentation to facial recognition
and autonomous driving, DCNN are essential for their
automated and efficient extraction of pertinent information from
high-dimensional input.

Fully
connected

. g

I

Feature
Extraction

Classification

Fig. 3. Architecture of DCNN.

The two main phases of a DCNN architecture feature
extraction and classification are shown in the Fig. 3. Several
convolutional operations are performed on the input image
during the feature extraction stage. These operations allow the
filters to identify different features, such edges and textures, and
produce feature maps. After that, these feature maps are run via
pooling layers, which achieve spatial invariance and lower
computational burden by lowering the spatial dimensions of the
feature maps by choosing the largest value from an area. During
the category level, the final result of the remaining pooling layer
is fed into fully linked layers after being compressed into a
vector with one measurement These layers combine the gathered
features to generate the final categorization. The last layer
typically makes use of a SoftMax activation function to generate
an opportunity distribution over all possible lessons. DCNNs'
design allows them to effectively apprehend and classify
complex styles in the input records.

It is crucial for the activate detection and treatment of
cardiovascular disorders to identify coronary artery plague and
stenosis in X-ray angiography images. Variabilities in picture
excellent, which include noise and artifacts, pose serious hurdles
to traditional tactics and may obstruct accurate detection.
Suggesting a unique method that mixes GAN with DCNN to
resolve this. Because of its skill in extracting complicated traits

from medical photos, DNN can identify diseased areas and
examine vascular architecture in high-quality element. The
DCNN successfully learns to categorize areas as regular or
suggestive of plague and stenosis through training on annotated
datasets. In addition, GANs produce synthetic images that
imitate actual angiography scans, including exclusive levels of
noise and artifacts to decorate the education set. This ensures
that the model is resistant to the many photo circumstances that
get up in medical practice, further to improving the robustness
of the DCNN. Joint conditional detection is supported by way of
the integrated DCNN-GAN architecture, which complements
diagnostic accuracy via permitting the gadget to regulate to and
compare a variety of photo traits. Better affected person
consequences are expected because of this strategy's primary
upgrades to automatic cardiovascular diagnostics efficacy and
reliability. Grad-CAM produces visual explanations which
define fundamental areas that impact the model's prediction
process. Visual interpretability enables healthcare professionals
to both verify and trust the automated diagnosis process
resulting in model acceptance for plague and stenosis
recognition tasks.

V. RESULT AND DISCUSSION

The outcomes of the proposed DCNN-GAN framework
reveal widespread gains in the popularity of plaque and coronary
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artery stenosis in X-ray angiography photographs. It has shown
to a hit to mix GAN for statistics augmentation with DCNN for
function extraction and classification. Using an NVIDIA RTX
3090 GPU allowed the proposed DCNN-GAN model to finish
its training process within 12 hours. The model's optimized
design achieves accelerated convergence while maintaining
high diagnostic precision through more efficient operations thus
allowing use in real-time clinical environments. The model can
control image high-quality variations, consisting of noise and
artifacts, that are frequently seen in scientific situations. As a
result, the gadget has a huge potential to exactly discover and
classify regions of interest, generating correct and dependable
diagnostic consequences. These encouraging findings imply that
the DCNN-GAN architecture can considerably enhance
diagnostic overall performance, facilitating early cardiovascular
sickness prognosis and intervention and improving patient care
in popular in clinical exercise. The proposed work is
implemented using python.

A. Experimental Outcome

Fig. 4. Coronary angiographic image with visible stenosis.

The Fig. 4 demonstrates the coronary angiogram which is a
medical examination of coronary arteries. In this particular
image, one of the coronary arteries has a condition called
stenosis which Narrowed. This narrowing can reduce the blood
supply to the heart muscle and cause discomfort such as chest
pain.

TABLE I. PERFORMANCE EVALUATION
Category Accuracy Sensitivity Specificity Precision
(Recall)

3-CAT 0.98 0.97 0.96 0.98
Prediction

2-CAT 0.96 0.95 0.94 0.96
Prediction

3R-CAT 0.94 0.93 0.92 0.94
Prediction

2R-CAT 0.92 0.91 0.90 0.92
Prediction

Random 0.50 0.50 0.50 0.50
Guessing

Vol. 16, No. 1, 2025

The Table | summarizes the performance of the DCNN-
GAN model in predicting coronary artery plaque and stenosis
across different categories. The 3-CAT Prediction (3 categories)
achieves the highest accuracy (98%), sensitivity (97%), and
precision (98%). The 2-CAT Prediction (2 categories) also
performs well with 96% accuracy and 95% sensitivity. The 3R-
CAT and 2R-CAT Predictions, slightly reduced versions, show
strong but lower performance. Random guessing, included for
comparison, shows much lower metrics, prominence the model's
effectiveness.

Performance of coronary stenosis classifications

Performance Metrics

Category

Fig. 5. Performance of coronary stenosis classifications.

The Fig. 5 shows how various models of classification of
coronary stenosis performed. The x-axis shows the different
models, and the y-axis represents the performance metrics:
sensitivity also referred to as recall, specificity and precision. In
general, the 3-CAT (3 categories) such as normal, early and
advanced prediction model demonstrates the highest accuracy as
compared to the other models and also, the highest sensitivity as
well as specificity. But the precision rate of 2-CAT (2
categories) prediction model is the highest among all the
models. Random guessing makes the worst performance
manifestation across each specified parameter.

Distribution of Finding Labels

175

Finding Label

Fig. 6. Distribution of finding labels.

The Fig. 6 represents the frequency of the different finding
labels in the dataset and the figure reveals finding labels such as
“Atelectasis”, “Edema”, “Pleural effusion”, ‘“Pneumonia”,
“Consolidation”, and “Nodules” in patients with the listed
pathologic conditions but this says that “Consolidation”,
“Nodules” among the listed pathologic conditions are rarely
found.

991 |Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

Bounding Box Area Distribution

Frequency
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Fig. 7. Histogram.

The Fig. 7 indicates a histogram representing the distribution
of bounding field areas. The x-axis suggests the location values,
and the y-axis represents the frequency of occurrences. The
histogram reveals that most bounding packing containers have
regions between zero and 100,000 rectangular pixels, with some
outliers having areas above 500,000 square pixels.

Training and Validation Accuracy
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Fig. 8. Training and testing accuracy.

The Fig. 8 shows the Training and Validation Accuracy of
the DCNN-GAN version's performance across one hundred
epochs. Both accuracies rise quickly, suggesting that the model
learned rapidly during the early epochs. Around the 20th epoch,
schooling accuracy strategies one hundred%, demonstrating the
model's right suit to the schooling set. Additionally, testing
accuracy increases rapidly but exhibits slight fluctuations,
suggesting a small amount of overfitting that eventually
stabilizes. Both accuracies plateau and live comparatively
regular after the twentieth epoch, with checking out accuracy
carefully trailing accuracy, indicating robust generalization to
formerly unknown facts. Effective regularization is seen by the
small space between the 2 traces, which avoids considerable
overfitting. This overall fashion suggests that the model may
additionally acquire statistics and generalization from the
preliminary dataset with great accuracy in each the validation
and education tiers.

Vol. 16, No. 1, 2025

Training and Validation Loss
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Fig. 9. Training and testing loss.

The Training and Testing Loss, shown in Fig. 9. Of the
DCNN-GAN version's loss values across 60 epochs. Both losses
start high at first, that's indicative of the version's early gaining
knowledge of section. As a result of the version's adeptness at
getting to know from the schooling information, the training loss
drops off speedy, stabilizing around the 20th epoch and staying
low. On the alternative hand, the testing loss has a greater
complex pattern, first lowering after which experiencing a surge
around the 20th epoch before stabilizing. This version indicates
that the model had a few overfitting issues and made changes as
training went on. The version correctly reduced errors on the
training and testing datasets while, after the thirtieth epoch, both
losses converge and hold low levels. When a version efficiently
lowers mistakes and maintains stability, it is stated to have
sturdy generalization overall performance and may produce
accurate and dependable predictions whilst implemented to
sparkling, untested data.

B. Performance Metrics

To assess a DL model's overall performance in figuring out
artery plaques and constriction in X-ray angiography snap shots,
essential factors to do not forget are precision, consider,
precision, and F1 score. By calculating the percentage of correct
high quality and accurate terrible forecasts among all forecasts,
accuracy evaluates the version's ordinary correctness. Through
expressing the ratio of proper positives to the overall of actual
and fake positives, precision suggests how dependable the
superb predictions are. Recall, that's often referred to as
sensitivity, quantifies the degree to which a model is capable of
as it should be pick out actual high-quality scenarios. The ratio
of genuine positives to the entire of proper positives and false
negatives is used to calculate it. The F1 score strikes a stability
between the 2 variables to produce a single statistic that debts
for false positives in each case and false negatives: the harmonic
average of accuracy and recollect. Collectively, these metrics
provide a comprehensive assessment of the version's efficacy,
showcasing its accuracy and electricity in diagnosing
cardiovascular conditions.
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1) Accuracy: Accuracy is a measure of the way regularly a
ML model predicts a result successfully. Accuracy can be
calculated through dividing the entire number of estimates by
means of the quantity of accurate forecasts.

TP+TN
TP+TN+FP+FN

©)

2) Precision: Precision is a metric that quantifies how
regularly a ML model efficiently predicts the nice
magnificence. The amount of particular superb forecasts
(genuine positives) divided via the whole range of favorable
predictions (false and actual fine) that the model properly
anticipated can be used to calculate accuracy.

TP
TP+FP

Accuracy =

Precision = (10)

3) Recall: Recall is a statistic used to describe how often a
ML model correctly identifies positive instances, or real
positives, out of all the genuine positive examples in the dataset.
By dividing the total number of positive instances by the
number of true positives, recall may be calculated. The latter
includes both true positives (patients who are successfully
found) and false negative results (missed cases).

TP
TP+FN

Recall = (11)

4) F1 score: The F1 score, often called the F-measure, is
the harmonic mean of the accuracy and recall of a classification
model. Because both measures have the same weight in the
score, the F1 measure appropriately depicts the reliability of a

model.
PrecisionXRecall

F1score = 2 » orecistonxRecall (12)

Precision+Recall
In Eq. (9), Eqg. (10), Eq. (11), and Eq. (12), TP and TN
represent true positive and true negative. Whereas, FP and FN
represent as False negative and False positive.
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dependability for the identity of cardiovascular illness in
scientific settings.

100 Performance of Proposed DCNN-GAN

98

Efficiency (%)

92 4

Precision Recall F1 score
Metrics

Accuracy
Fig. 10. Performance efficiency of the proposed model.

Fig. 10 shows the effectiveness metrics for a version that
recognizes artery plaques and stenosis in X-ray angiography
photographs. The 4 number one performance metrics displayed
inside the graph are accuracy, precision, consider, and F1 score.
The simulation is the maximum accurate forecaster normal, with
a 98.7% accuracy fee. The accuracy of 98.2% suggests that the
model well recognizes actual positives with a low range of false
positives, demonstrating the reliability of the advantageous
predictions. The model's keep in mind, which stands at 98%, is
quite lower and indicates its accuracy in figuring out actual
wonderful instances. The model's capacity to deal with fake
positives and false negatives is validated by the F1 rating, which
stands at 97.9% and moves a compromise between accuracy and
bear in mind. These measures, taken together, highlight the
model's strong and remarkable performance and in efficiently
figuring out and categorizing cardiovascular illnesses from X-
ray angiography images.

TABLE Ill.  PERFORMANCE EVALUATION
TABLE II. PERFORMANCE METRICS Methods Accuracy Precision Recall F1 score
NIetrics Efficiency RCNN 78.3% 78.1% 77.5% T7%
Accuracy 98.7% RNN-LSTM | 88.4% 88.1% 88% 78.5%
Precision 98.2% 3D-CNN 90% 89.5% 89.2% 88.8%
Recall 98% SVM 82.8% 82.3% 82% 81.5%
F1 score 97.9% Proposed 98.7% 98.2% 98% 97.9%
method

The DCNN-GAN model exhibits remarkable performance
metrics in Table Il with respect to the detection of heart plaque
and stenosis in X-ray angiography pictures. The model predicts
outcomes with a 98.7% accuracy rate, which is quite good. With
an accuracy of 98.2%, the version detects genuine positives with
few false positives. Because the version is so exact at figuring
out authentic positives, its excessive take into account charge of
98% ensures that just a few genuine positives are neglected. The
model's potential to manipulate inaccurate consequences and
false negatives by using balancing accuracy and don't forget is
confirmed by way of its F1 rating of 97.9%. Together, those
measures show the version's extremely good outcomes and its
capacity to substantially boom diagnostic accuracy and

The performance parameters of several techniques for
detection of coronary artery plaque and stenosis in X-ray
angiography pics are shown in Table I1l. The proposed DCNN-
GAN approach performs appreciably higher than the opposite
methods. Its famous excellent basic accuracy with an accuracy
charge of 98.7%. Its effective ability to discover certainly ideal
facts is meditated in a take into account fee of 98%, and an
accuracy of 98.2% indicating a very good prediction with a
relatively reliable F1 score of 97.9% indicating consumption
fake positives and negatives are dealt with correctly with a
stability of remember and accuracy. In contrast, 78.3% accuracy
is done through RCNN, 88.4% by using RNN-LSTM, 90.0%,
and 82.8% by using SVM, all of which aren't reached by using
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the proposed method a low F1 score, accuracy, and keep in
mind, which confirmed that the proposed technique performs
well in those parameters. This suggests that the DCNN-GAN
system appreciably improves the sensitivity and efficiency of
cardiac diagnosis in addition to presenting extra correct and
reliable insights.

Performance (%)

Methods

Fig. 11. Performance comparison.

The Fig. 11 indicates 4 measures of the efficacy of the
diverse strategies in detecting pulmonary fibrosis and fibrosis.
The proposed DCNN-GAN approach performs significantly
higher than the other techniques. It achieves the very best
universal values of round 98.7% accuracy, 98.2% accuracy,
98% recollect and 97.9% F1 score. All measures hover
approximately 78%, with RCNN being the worst in
evaluation.RNN-LSTM does better but still fall short, its metrics
are around 88%. SVM scores approximately 82%, whereas the
3D-CNN approach performs competitively with nearly 90% for
all measures. When compared to conventional approaches, the
suggested method's evident superiority shows how robustly and
correctly it can detect cardiovascular problems, greatly
increasing diagnostic effectiveness. This demonstrates how the
suggested approach may enhance clinical results in the
identification and treatment of cardiovascular disease.

C. Discussion

Previous research on X-ray angiography-based coronary
artery plaque and stenosis identification has encountered
problems with noise, artifacts, and image quality, all of which
harm the effectiveness of classifiers and accuracy in diagnosing
[23]. These difficulties frequently cause the extraction of
features and methods for preprocessing to be less successful,
producing less dependable findings. These drawbacks are
addressed by the suggested DCNN-GAN methodology, which
incorporates deep learning methods to improve data robustness
and framework dependability. While the DCNN product is
extraordinary in correct function extraction, the GAN product
offers artificial pix with varying quantities of noise distortion
This combined method gives the approach's potential to deal
with optical differences so its use in diverse situations in
medication is extremely good [24]. The technique retains
outstanding results regardless of low-quality inputs since it was
trained on a wide dataset of artificial and high-quality pictures.
Subsequent research has to cognizance on increasing the
adaptability of the DCNN-GAN machine to exclusive scientific
settings and imaging modalities. Analysis of multidimensional
data integration in essential modalities (e.g., combination of X-
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rays with CT or MRI) and improvement of methods that can
potentially modulate noises in energetically may also be vital to
boom manner readability and doctor recognition and self-belief.
Adoption and improvement of the machine may be based on
partnerships with healthcare centers to provide greater range of
statistics, promote computerized cardiovascular ailment, and
beautify results for patients.

VI. CONCLUSION AND FUTURE WORKS

This proposed DCNN-GAN framework seems to perform
very well in identifying the statuses of coronary artery plaque in
X-ray angiography images, solving the problem of previously
used approaches. Since, DCNN is optimal for function
extraction and GAN for data augmentation the model is able to
handle fluctuations in image quality, presence of noise and
artifacts which is usual in medical images. The performance
measurements, including the test accuracy that is 98. 7%,
precision 98. 2% and recall 98%, corroborates the model
productivity in providing accurate diagnostic results to further
improve cardiovascular diseases diagnosis and early diagnosis.
Besides enhancing the ability of doctors to diagnose their
patients more accurately, this approach enhances the reliability
and dependability of automatic systems being used in clinical
practice.

Further, there is significant possibility for the development
of DCNN-GAN model for other imaging modality like CT-MRI
and by the application of the more comprehensive multiple
dimension data for diagnosis. More studies could be conducted
on the novel methods of dealing with dynamic noise levels and
image distortions in real-time that would make the model more
flexible for implementation in different clinical settings. Further
cooperation with healthcare centers would be important in order
to gather more varied and exhaustive information about patients,
to let the model perform better throughout different individuals
and diseases. Also, improved understanding of processes that
enable real-time decision making and diagnostic accuracy
through further enhancing of the model can contribute to
widespread adoption of automated cardiovascular diagnostics
into practice, which will benefit patient outcomes and decrease
the time lapse before diagnosis. Implementation of such systems
would dramatically change management of cardiovascular
diseases with an ability to intervene at an early stage and
potentially address heart diseases on a much bigger scale.
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