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ABSTRACT

In most developing countries cardiovascular diseases (CVDs) is one of the primary causes of mortality. In India, it is
estimated that the disease prevalence is very high and one in 4 deaths happens due to CVD. There is no proper
specific programmes have been addresses to control CVDs as like existing communicable diseases. The proposed
work uses Retinal fundus images in identifying the potential risk factors causes CVD in terms micro structural
changes happens in its blood vessels. Hypertensive Retinopathy and Cholesterol-Embolization Syndrome (CES) are
the most adverse factors affect the heart function which leads to CVD. These two factors are exactly identified in
optic-disc of retinal vasculature. Generative Adversarial Network (GAN) is uses as a deep learning model to
synthesize the images with high resolution, which is used in predicting the severity level of the CVD. This work also
uses an existing retraining ImageNet model for solving custom image classification tasks. It observes that the
experimental results show that the prediction accuracy rate will be high when compared with other existing deep
learning approaches. The proposed work diagnoses the prevalence rate of CVD effectively and gives solution to the
medical practitioners to adhere proper treatment in avoiding adverse risk.

Keywords: cardiovascular diseases - Cholesterol-Embolization Syndrome - Hypertensive Retinopathy - Generative
Adversarial Network

Introduction

Heart is one of the most important organs in the human body and is made up of two chambers called an atrium and
ventricle which are divided by two halves. These two chambers play vital roles in pumping blood in and out of the
heart and body. The malfunction happens in those chambers leads to heart disease or sometimes called as cardiac
disease. It is must to detect the disease early it happens may prevent the mortality rate.

Machine Learning (ML) and deep learning are making the healthcare industry smarter. These influential subsets of
Artificial Intelligence (Al) may impacts in many fields such as Disease prediction, Speech recognition which is done
by voice assistants. Also these technologies are useful in creating personalized online shopping experiences and
video classification [1][2]. Particularly Recurrent networks are used for object detection purposes [3] [4]. More
importantly, scientists and researchers are using machine learning (ML) and deep learning (DL) to produce a number
of smart solutions that can ultimately help in diagnosing and treating an illness in an effective manner. Almost all
type of health images like CCTA, Magnetic Resonance Imaging (MRI) are computed effectively by deep learning
technique [5][6][7]. These technologies are allowing the patients to get benefit to know about their health outcome in
an improvised manner by analyzing the best forms of treatment for them. Various methods like bounded box in
object detection, edge detection [8] in object identification improves the algorithm to work better for the outcome.

Literature Review
Cardio Vascular Disease

CVD is identified as one of the most leading deadly diseases in the world. It happens due to the plaque
build-up inside the coronary artery wall. This becomes narrowing in the coronary artery lumen which limits the
blood flow to the heart. Narrowing of the arteries is known as Stenosis. The entire blockage in the artery potentially
leads the Myocardial Infarction (MI) commonly known as a heart attack [9]. There are different kind of diagnosis are
available for predicting the disease [10]. These coronary plaques diffuse the fat content to the proximal side wall to
the vessel and it causes the coronary inflammation. This kind of inflammation is the leading cause for heart attack.

Present biomarkers suitable for predicting the heart disease only after it happens. It is a challenging task to
diagnose a heart attack as early as it happens. Recently, a new biomarker Fat Attenuation Index (FAI) proposed by
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the medical practitioners of Centre of Research Excellence, British Heart Foundation for diagnosing future fatal heart
attack many years before it happens [11]. It is crucial to detect and classify the coronary inflammation to prevent the
heart attack as early as possible. Fat attenuation Index (FAI) is an imaging biomarker quantifies the inflamed
coronary artery and is clinically obtained using non-invasive Coronary Computed Tomography Angiography
(CCTA) test [11][12].

Preventing patients from future heart attack, they are advised to take further non-invasive tests. The
coronary artery plaque can be classified into three categories. They are a calcified plaque, non-calcified plaque and
mixed plaque based on its composition [13]. Formation of these plaques and its rupture leads to the acute coronary
syndrome and it causes to the Myocardial Infarction (MI) or heart attack [11], [14]. Coronary artery Stenosis is
narrowing of the arteries. Severe blockage of arteries may cause a heart attack [9]. Coronary artery calcium score
(CACS) is a tool which plays a significant role in diagnosing coronary artery stenosis disease. The predictive value
of CACS is used to find the presence and severity of Coronary Artery Disease (CAD) in patients. Although it does
not exactly predicts all kinds of causes of the disease as well as the cardiac mortality.

Vascular inflammation in the arteries enables timely exploitation of measures to prevent future heart attacks.
A new imaging biomarker called Fat Attenuation Index (FAI) around Coronary Artery is used to diagnose coronary
inflammation and also it identifies individuals at risk of cardiac mortality. FAI captures fat attenuation of
perivascular and it detects vascular inflammation at an early with routine Coronary Computed Tomography
Angiography CCTA [13]. There are many invasive and non-invasive tests or procedures available to detect heart
disease. Coronary Computed Tomography Angiography (CCTA) is a heart imaging tool that provides the details
about the plaque information present in the coronary arteries [13], [15]. It is a sensitive and widely used diagnostic
tool for the diagnosing coronary CAD [16]. The thickness of luminal plague and the details of plaque composition
were determined by CCTA. The vessels can also be diagnosed as like retinal fundus images, since both CCTA and
Retinal images are vessel based structure [17], [18].

Analysis of coronary arterial vessel provides needed details about conditions of the blood flow and systemic
level of the blood voltage [19]. Cardiologists can detect the sign of systemic vessel burden early it happens. From
speed and voltage of blood flow cardiac threatening diseases such as CAD and Heart attack were also be found from
abnormality in the coronary artery structures [19-20]. The noises have been eradicated using 3D artifacts removal
technique [21] the arteries will be clear in finding the vessels in a clear manner. An adaptive block-matching 3D
algorithm used for handling Low-dose Computed tomography images [22-23].

Coronary Artery diseases can also be predicted using retinal fundus risk factors [24-25]. Moreover
the researchers no need to worry about the dataset limitation. Scientists can collect easily the retinal image based on
that they can validate their model. To assist analysis, automatic artery segmentation method, especially from CCTA
images, has been used widely for doing research. In ancient days, numerous computer visions based algorithms were
deals about this problem from the perception of signal processing [26-27]. In this type of assumption the researchers
have been followed to denoise the CCTA images from particular patterns for segmenting the vessels [28-29]. SVD
based algorithm is also been proposed for the sparse representation of an image dataset [30]. Long-term recurrent
convolutional network is being used for visual recognition of image data and semantic approaches also give better
outcome to the image visualization [31].

Various heuristic methods such as line detection [32] [17] and feature extraction based hand-crafted
methods were used in determining the disease [33-34]. However, more improved results were obtained, with the
advance techniques of machine learning and from feature learning automation technique. For instance, the features of
vessel automatically extracted using gradient boosting [35] and scientists anticipated to introduce Conditional
Random Field (CRF). Their parameters are qualified from curvilinear structure segmentation of the data with the
structured Support Vector Machine (SVM) [35].

In recent times, Convolutional Neural Network [36-37] has remarkable outcomes for several computer
vision problems. Several literature surveys portray that CNNs has the better performance in doing the segmentation
process of vessels in any body organs and even outstands to the ability of human specialists in multiple datasets [24-
25], [38-39]. However, the segmented vessels of all these methods are rather unclear and suffer from tiny and faint
tubes of the arteries. This happens because of the kernel function applied in the CNNs. The existing methodologies
only depends on the pixel-wise kernel functions and also it compares model generated images with standard images.

This is not providing the desirable outcome since it cannot aggressively accommodate natural vessel
structure that exist in CCTA images. In fact, the segmentation of coronary arteries can be considered as an image
translation problem. From an input image, a segmented artery vessel map is generated. If the output images are
inhibited to look like the doctors’ annotation, then clear and sharp artery vessel maps can be attained from the
proposed method of GAN.
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Generative Adversarial Networks (GANS) is a special kind of framework which allows to create as rational
output [40]. GANSs contains two different networks namely discriminator and generator. The discriminator tries to
differentiate standard images from the outputs which are generated through generator. The generator is responsible in
producing realistic outputs. This cannot be done by the discriminator whereas the generator cannot differentiate the
standard image from model generated image.

In this paper, a new methodology has been introduced to coronary artery segmentation with generative
adversarial networks. The clear and sharp features of coronary artery vessels were extracted by the proposed method
with fewer false positives compared to existing methods. It also achieves the state-of-the-art performance in the
public dataset, namely, UCI Heart Disease Repository. The adversarial training improves the quality of the image
segmentation. This is been done by training the generator and to extracting the identical coronary artery vessel maps
from the maps annotated by doctors or human scientists.

Clinical Database Analysis

Clinical database contains patients heart related information which are used to identify factors that
contribute to the heart attack prediction [41]. The knowledge discovery is used to identify the influence that helps in
improving the quality and provides better to the patients care.

Differential diagnostic procedure [10] is a systematic diagnostic method. In this method condition based
identification is used to find the presence of a disease entity where multiple alternatives are possible. The major
complaint is examined with respect to the causal factors [42] and concurrent occurrences perceived by suitable
disciplinary outlook. According to various theoretical paradigms, the presence of the disease is identifies and
compared to known categories of any disease which the researcher encountered for diagnosis. This method may
establish several algorithms to the process of elimination and also it is used to obtain the information minimizes the
probabilities of candidate conditions. This is insignificant levels for the scientists who are working with the evidence
such as symptoms, patient history, and medical knowledge.

Retinal images are one of the most significant tool to predict various cardiovascular risk factors. It is stated
that rather numerical and ECG signals, the image data could be correlated directly with cardiovascular events [43].

Recently the use of deep learning helps in resulting the outcome for detecting age, patient’s gender
information, systolic Blood Pressure (BP), diastolic BP and smoking habits from the fundus photographs. The Al
based system [44] had equivalent Area under Curve (AuC) to the traditional risk calculators in predicting severe
cardiovascular risks. The model developed seems to be effective imaging modality to assess the CVDs events.

In most developing countries CVDs is the principal causes of mortality. In India, as of 2016, the estimated

prevalence of CVDs to be 54.5 million. Due to CVDs one in 4 deaths happens. CVDs have not been addressed
properly under specific control programmes as like existing communicable diseases. Hypertension accounted for
80% of the CVDs events to be happened. It is clearly indicated that risk factor like systolic blood pressure and
plasma cholesterol contributed to the surplus risk of CVD [45].
Indian Council of Medical Research (ICMR) estimates that, the count of hypertensive is expected to rise up to 214
million in 2025. So, this project wants to address these hypertensive risk factors appropriately. The retinal fundus is
the potential biomarker to find the hypertensive periodically based on its micro structural changes. And also India
needs priority action to highlight the knowledge of physicians, individuals and communities about the risk factors
and make them to adherence the proper treatment to the patients. This paper produce the evidence based
recommendation to emphasize physicians’ knowledge on treating patients. The improper follow up of bedside
patients will cause the patients to revisit infinitely [45].

Methods

Proposed Work

An ensemble based framework of different neural network (NN) models for random sample aggregation is
used to classify heart disease. The performance of the classification algorithms are improved by doing the data pre-
processing step followed by features selection process. Various experiments have been conducted with unidirectional
and bidirectional NN models. The results shows that an ensemble classifier with a CNN model had the best
performance with improved accuracy and F1-score between 91% and 96% respectively for the different types of
heart disease. This framework enhances the accuracy of the models that are adapted for diagnosing disease with
clinical real data [46].

The proposed paper uses retina fundus image to examine the major complications of CVD. Hypertension is
the main cause for the disease, it happens due less blood flow into the blood vessels. Retinal fundus image with high-
resolution and also the assessment of geometric factors of retinal like diameter, branching angles used in diagnosing
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CVD risks. Systolic Blood Pressure (SBP) is used to classify the potential risk of CVD combined with Framingham
risk score.

To determining adverse risk of CVD like Hypertensive Retinopathy caused by hypertension. And also occurrence of
atherosclerotic plaque and inflammatory changes in the arteries will cause the Cholesterol-embolization syndrome
(CES). These two major factors can be evaluated or identified easily by the micro structural changes in the optic-disc
of retinal vasculature. The proposed computer-aided framework is helps in measuring the changes happen in the
retinal vessel in fully-automatic fashion.

Methodology

Network Model

The proposed work constructs GAN synthetic images used for developing Deep Learning (DL) model
which promises the researchers to fulfil the clinical findings effectively. The proposed synthesis model will be
constructed in data-driven fashion for STARE fundus image benchmark.

The major aim of this work is to automate the process in locating Hypertensive Retinopathy and CES
majorly on identification of the anatomical regions of retinal fundus. The second component concerns about the
findings to determine a diagnosis. The other output measurements of the anatomical structures will be useful for
tracking CVD severity and to recommend the proper treatment over time.

The developed synthetic retinal images are evaluated by a modified Inception V3 architecture DL model as
shown in figurel which allows retraining the existing ImageNet in order to use it for solving custom image
classification tasks. DL models will be implemented with Tensorflow libraries and Keras API where all the images
are resized to appropriate pixel size which is needed by Keras’ API for doing the process. Augmenting of image data
may also be proposed to increase the variation level within the training dataset. This kind of data augmentation helps
to improve the accuracy and cross-entropy of the model further. The proposed model is trained with stochastic
gradient descent in a batch size of 32 images. To optimize the learning rate of the model to be 0.001 adam optimizer
is chosen for implementing it. The multi classifier model predicts the risk factors and classifies the disease based on
its risk level.

U-Net Generator Model

The generator takes a retinal vessel as an input image. The proposed model is not use a input point of the
latent space which can be done in a traditional GAN model. In this U-Net generator, dropout layers are being used to
receive the source of randomness of an image which are used both during training and when a prediction is to be
made. In the U-Net model the input is from the source image and the output image is in target domain.

The proposed U-Net architecture is applied for the generator phase in GAN network. The other
conventional model uses the common encoder-decoder model instead of the generator. An iput image is given to
both encoder-decoder generator and U-Net model to down sample it over a few layers upto the bottleneck level.
Further, the representation next to the bottleneck is then up sampled again over a few layers. The final image with
desired size is obtained in the output. The proposed U-Net model is made this task simple by bringing the links to be
of same size between network layers. Thus, it avoids the bottleneck in getting the desired output.

During the Image-to-image translation, the proposed U-Net model arranges same-sized feature maps into
the last layer. These feature maps are merged with the decoders. This is repeated with all the layers in the encoder
and parallel layer of the decoder, which forms a U-shape to the proposed model.

Anatomical regions of retinal fundus

To make accurate disease prediction, identification of the anatomical regions of retinal fundus has to be
done on attention basis of DL model. The proposed work uses soft attention, for generating heatmap which depicts
the most predictive image pixels in the retinal image. The model will assess some random retinal images from the
data repositories mentioned in the work. In the anatomical locations, all the identified patterns highlighted by the
saliency maps are considered for each prediction. During the models training phase the blood vessels found to be
highlighted is used to predict risk factors such as age, smoking and SBP [47].
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Early detection and prevention is essentially being carried out by a large number of dataset. The proposed
work ensures improvement of the quality of care, outcome of the patient, specific target prescribed in the database
such as monitoring of patients movements and stopping therapies. The proposed model is also observed with the
influence of clinical interventions.

Objective Function
The generator G is a mapping function between the retinal image f and an artery vessel image g. It is
denoted as, G: f->g. Then, the discriminator denotes as D, which maps a pair of {f,g} to binary Classification
{0,1}". The mean value lies between 0 and 1.
e g represents machine-generated or human-annotated artery image

e N represents is the number of decisions.

Number of decisions for Image GAN is equal to 1 and it is represented as N =Width*Height with an image of W*H.
The kernel function used in the proposed of GAN model is suitable for segmenting the coronary artery vessels. The
proposed GAN model gives solution to the problem of optimization and thus there is no randomness implicated in
the generator G. In the proposed GAN, the generator stops the discriminator to do further in making suitable decision
on finding unclear outputs to the real data. Hence, the ultimate aim of obtaining realistic outputs from the generator

has been achieved.

Pre-trained
model: Modified
Inception V3

Class 1 Class 2 Class 1
(No Risk) (Low Risk) | [ (High Risk)

Therapy
Recommendation
Secondary level
Treatment

Figure 1 Network Process Flow
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[ «

SPREAD

The work predicts the CVD with the risk factors from retinal fundus and also will suggestions to the
clinicians about the treatment based the prevalence rate of the disease found in the patient is shown in the Figurel.
The GAN framework take up input image from online repository UK Biobank and EyePACS a publicly available
dataset and do synthesizing high-resolution retinal images which is given to the training phase of the proposed
model.

Results
The proposed models performance is compared with different other models which is shown in Table 1 and
Table 2. Also the performance measures of various methods in U-Net model and Comparison of precision, recall,
dice co-efficient with various network models are shown in Table 1 and Table2 respectively. It is observed that the
U-Net model performing lesser with no discriminator, patch GANSs is also performing less with both the datasets.
Image GAN framework improves quality of image segmentation which also has the most biased capability. The
proposed model outperforms other conventional model. The result shows that, the proposed image GAN outperforms
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and it seems reliable to maintain. It is observed from the experimental result is that a powerful discriminator helps in
improving the successful training to the proposed GAN.

Table 1: Performance comparison of U-Net model with different other models

UK Biobank EyePACS
Model ROC PR ROC PR
U-Net with no discriminator 0.7813 0.7090 0.7589 0.7190
Pixel GAN 0.7876 0.7099 0.7555 0.7077
Patch GAN-1 0.7589 0.7122 0.7665 0.7322
Image GAN 0.8188 0.7997 0.8100 0.7943
Table 2: Comparison of various Network models on UK Biobank and EyePACS a publicly available dataset
UK Biobank EyePACS
Model ROC PR Dice ROC PR Dice
AlexNet 0.7706 0.7094 0.7000 - - -
CNN 0.7876 0.7099 0.7166 0.7555 0.7077 0.7123
R-CNN 0.7589 0.7122 0.7080 0.7665 0.7322 0.7222
Proposed GAN Network 0.8088 0.7997 0.8080 0.8100 0.7943 0.8000

For further comparison, the proposed work can transformed the probability maps into binary coronary artery images.
In this work Otsu threshold has been done. In Fig2 & Fig3 the charts shows that the CNN model usually yields lot of
false positives than the proposed method in order to predict the probability maps. In contrast, the proposed method
performed well in finding more false negatives rate of artery vessels. The advantage of the proposed work is to
assign low probability around uncertain regions of artery vessels since it has appropriate inclination. The Eq.1 is used
to calculate the precision performance metric
Precision: It computes the number of positive class predictions that actually belong to the positive class. It can be

calculated by usingEq. (1)

Precision =

TP+FP
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Figure 2: Line Chart between Various Methods of U-Net Model
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Figure 3: Line Chart between Various Neural Networks with the proposed model
Conclusion

The proposed GANs model is used in segmenting the Retinal fundus vessel with improved experimental

results. It suggests that presence of a discriminator in GAN can provide more accuracy in segmenting artery vessels.
The proposed U-Net method performed well in predicting the disease when compared with other existing
conventional methods. Compared to other existing methods, the proposed method included less false positives at fine
arteries. It helps the medical practitioners to predict heart attack much earlier so that patients no need to go for
further non invasive tests. In the future work the proposed model expects that additional prior knowledge on the
vessel structures on retinal fundus may influence the better performance further.
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