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Abstract:

Background: Hypertensive Retinopathy (HR) is amongst the abnormalities occurred with high
blood pressure. This high blood pressure level makes retinal arterial narrower, retinal hemorrhages
and cotton wool spots more harmful. Based on what was mentioned, early detection of hypertensive
retinopathy is pivotal to prevent its following disabilities and boost its treatment with more accurate
methods.

Material and Methods: The main objective of this study is to investigate an appropriate deep
learning method for improving the automatic diagnosis of hypertensive retinopathy in its early stages.
The complete data used in this study have been obtained from integration of Structured Analysis of
the Retina (STARE) and The Digital Retinal Images for Vessel Extraction (DRIVE) datasets.
Results: Interestingly, we reached an accuracy of 87.5 % after using the well-suited preprocessing
method to integrate different images for further analysis by our designed convolutional neural
network (CNN).

Conclusion: This model performs well with integration of two mentioned datasets.
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Introduction

Hypertension is considered a widespread
disease affecting the life of 9.4 million
people ! each year across the world, and it
is expected to rise annually. Hypertension
retinopathy disturbs retinal and blood vessels
due to making blood pressure higher. Early
detection of HR 1is necessary because it
increases the possibility of cardiovascular and
retina microcirculation. Mentioned diseases
stemmed from HR observed in a lot of
hypertensive cases. Vision loss ? occurs when
HR symptoms have begun. The fundus digital
camera 3 can records microvascular changes.
Nowadays, Fundus cameras are preferred
because they are convenient and user-friendly.
Hypertension originates from high arterial
pressure; furthermore, it is the reason for most
diseases around the world because it harms

human tissues *

and ultimately leads us to
death 5 by cardiovascular diseases stemming
from hypertensive retinopathy (HR).

Totally, irregularity originating from high
blood pressure levels result in hypertensive
retinopathy. Cotton wool spots (CWS) and
retinal hemorrhage (HE), hemorrhages and
microaneurysms (HM) are considered famous
symptoms of HR °. A primitive diagnosis of
HR-related eye diseases is a pivotal task ’
because mentioned diseases require early
treatment to protect human life from its side
effects. Conventionally, Ophthalmologists
diagnose HR-related eye diseases with the
help of fundus image analysis photographed
by special cameras. The main objective of this
study ® is to design an intelligent diagnosis
platform to help out ophthalmologists
accurately interpret retinal fundus images
in order to detect eye diseases caused by
hypertensive retinopathy. several novel
systems have been proposed for retinal image

analysis in the previous articles, including the
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preprocessing of images for improved image
quality, the segmentation of retinal HR-related
areas and blood vessels as a step to extract
features, and the classification of HR diseases
with deep learning architectures °>. Mainly, A
pivotal sign of HR disease is uncommonly the
wide veins make the ratio of average diameter
to veins (AVR) lower; Thus, measuring
the exact width of veins is too tricky for
ophthalmologists.

Fundus image analysis through an automatic
deep learning-based system highlights the
vital point necessary for HR-related disease
detection. To give a better illustration, these
variation harms the HR-related regions and
key eye areas. Thus, the inability to make
an early diagnosis of mentioned variations
causes severe hypertensive retinopathy (HR).
The automated represented system is designed
to help ophthalmologists for diagnosing HR-
related diseases and their severity. The main
aim of this kind of system is to assist medical
care related occupations and researchers all
over the world °.

Few studies have stated the succession of
hypertensive retinopathy detection (HR) by
screening pivotal functional regions of the
retina by segmentation approaches such as
microaneurysms (MA), blood vessels (BV),
optic disc (OD), and macula ¢ as shown in
figure 1. Deep learning models accurately
extracted the mentioned structures. Then,
the extracted features were utilized to detect
non-HR
disease. The related algorithms for extracting

abnormality anddeclare HR or

the full features for detecting HR-diseases
are too heavy and complex, so researchers
were striving to just extract the features more
appropriately in contrast to the other essential
indicators such as Hemorrhages or cotton
wool spots. Finally, microaneurysms were
discovered as an adequate marker for the early-
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Figure 1: A graphical representation of (a) Arteriolar-to-venular (AV) ratio of diameters, (b) vessels
of blood, (c) Optic disk (OD), (d) Cotton wool spot (CWS), (¢) Microaneurysms (MA) and (f)
Tortuosity and Hemorrhages (HM)

stage detection of hypertensive retinopathy,
considering other injuries were required for
diagnosing of malignant HR-related diseases.
Briefly, a new CNN architecture was utilized
in this work with an innovative non-linear
space transformation algorithm to make the
images more uniform. Further, the accuracy
metric besides sensitivity, precision, F1 score,
and specificity was chosen to evaluate the
model performance. Ultimately, the feasible
future tasks were discussed to improve onset
hypertensive retinopathy detection.

Convolutional Neural Network (CNN)

Interestingly, significant advances have been
achieved in a majority of fields , including
biology, medicine, sociology, etc., due to the
recent development of deep learning (DL) '* 12,
The rudimentary principles of DL originate
from artificial neural network (ANN) "

research. It strives to model the hierarchical
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data representations and classify the ruling
pattern by connecting the existing information
layers to each other as a meaningful
hierarchical structure. This sort of hierarchical
learning is so robust due to its ability to learn
complex patterns from large-sized input data.
For instance, the input image is separated into
a sequential vector form x = N defined by

equation (1) with the help of CNN model.
x} = fEiem;xt "= ki; + b)) (1)

where x} shows the j™ output of the 1™ layer
and * shows filter k has multiplied by the
(I-1)™ layer. Furthermore, f demonstrates
the non-linear activation function, typically a
rectified linear unit (f(x) = max(0,1)) (ReLu)
and b, demonstrates the bias part.

The first convolutional neural networks
(CNNs) were 1998 by
Fukushima '*. The deep learning approach has

developed in

been applied in a wide range of areas, such as
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sentence classification ', text recognition 'S,
face recognition '7, image characterization '¥,
object detection ', pattern recognition %, etc.
A neuronal network consists of neurons with
biases and weights that can be learned. It begins
with an input layer, multiple hidden layers in
the middle and ends up with an output layer.
Each hidden layer made of a convolutional
layer, pooling layer, fully connected layer
(FC) and variety of normalization layers.

Convolutional layer

CNN’s main building block is the convolutional
layer, made of kernels (filters) and learnable
parameters learned in the training process.
Each kernel has responsibility for input image
convolving and producing an activation map 2'.
A kernel slides over the whole input image
spatial positions, and the sum of elementwise
the
associated input image pixel is calculated at

multiplication between filters and
every pixel and put in an appropriate matrix as
shown in figure 2.

Pooling layer

This layer is a dimension reduction non-linear
tool working by connecting the output of the
neuron cluster at one layer to the single neuron
to help avoid overfitting and regulate the
rotational variance of an input image. To give
a better illustration, the pooling layer divides
the input image into separate rectangular
regions with values depending on the kind of
pooling has chosen %2,

Fully connected layer (FC)

This CNN layer is put on next to the
convolutional layer and the pooling layer.
Each of its neurons has connected to the
whole neuron of the previous layer as input
connections with associated weights. Further,
there is an output connection with weight
equivalent to the sum of all the current neuron
input weight multiplied by the corresponding
weight. Its fundamental purpose is to act as a
classifying operator.

Material and methods

Datasets

The designed ConvNet was evaluated via
two prominent and publicly available fundus
image datasets: STARE and DRIVE. The
labels of the images were obtained based
on ophthalmologist diagnosis to assess the
proposed model in terms of accuracy, precision,
sensitivity, F1 score and specificity.

Structured Analysis of Retina (STARE

The STARE dataset »* comprises 400 RGB
fundus labeled images with various eye
related abnormalities; the fundus images were
photographed using a special fundus camera
(TopCon TRV-50, Tokyo, Japan). The dataset
is open to the public for related retinal image
research with an image resolution of 605 x 700
pixels. Further, manual vessel segmentation
is available for extra analysis. Totally, 40
images were chosen from the database, 30
normal images and 10 images introduce HR

8
1 Jo [-1
5 - 0
1 -1 )11 —
3 1 |0 |1 19

Figure 2: The Convolution process is illustrated graphically
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(a) (b)
Figure 3: STARE dataset example images: (a)

the original image used for input and (b) the
mask of their related annotations

pathology. figure 3 illustrates sample images
and their related vessel segmentation pairs.

DRIVE

The DRIVE dataset ?* comprises 40 images of
fundus slides with annotations of various eye
related abnormalities; the fundus images were
photographed using a special fundus camera

(a) (b)
Figure 4: Images from the DRIVE dataset: (a)
The original input image and (b) its associated

annotation mask

Journal of Ophthalmic and Optometric Sciences. Volume 5, Number 2, Spring 2021

(Canon CRS5 nonmydriatic 3CCD, New York,
NY, USA). The dataset is available for public
use with an image resolution of 565 x 584
pixels. Inaddition, manual vessel segmentation
is available for further analysis. Whole 40
images were chosen from the database; 33
normal images and 7 images introduce the HR
pathology. figure 4 illustrates sample images
and their related vessel segmentation pairs.

method

Image preprocessing

A significant amount of information is lost
due to gray scaling transformation because
three pixel features convert to a single °.
Furthermore, deletional information presented
in an image is disregarded. Thus, in this paper,
the nonlinear color transformation algorithm,
CIEDE2000, on CIELAB color space is
applied to create more uniform color spaces
by applying the variation of color perceived by
the human eye during the color transformation
process °. Chroma and hue are represented
by parameters A* and B®. Additionally, the
difference between lightness and distance
CIEDE2000 formula is shown by parameter
L" in CIELAB color space °. So, the CIELAB
formula is given by Equation (2) as:

L= 116Af(yin) ~166,b" = 500 [f(%) —f(yin)],a‘ =200 [f (Yin) —f(zin)] @

To support with better detail, The f parameter
shows the nonlinearity function and the
tristimulus values of the reference white color
are X ,Y ,and Z .

Designed CNN

The Convolutional Neural Network (CNN) is
implemented to help the task of hypertensive
retinopathy (HR) Classification. Firstly,
the input images were preprocessed for

quality improvement to better classify input
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Table 1: Parameters of the proposed model.

The Number of Total parameters, trainable

parameters and non-trainable parameters are
3075449, 3075281 and 168, respectively

Output Parameters
Layer (type) o
dimensions number
Input layer 400*400*3 0
Convolution 199*199*64 1792
Batch
L 199%199*64 256
normalization
Max pooling 49*49*64 0
dropout 49*49*64 0
flatten 153664 0
Fully connected 20 3073300
Batch
. 20 80
normalization
dropout 20 0
Fully connected 1 21

images due to their highlighted regions in
preprocessing step. Further, the images
were resized to the resolution of 400 * 400
pixels. Secondly, the preprocessed images
convert to matrix format as an input of CNN.
Finally, the proposed deep learning model

with the designed architecture was precisely
trained until reaching a convergence, and the
accuracy was calculated in each epoch of the
classification process. figure 5 represents our
proposed architecture, and table 1 shows our
model parameters.

Related work

deep learning-based methods

A particular methodology of fundus image
classification uses learning-based approaches.
The mentioned methods are preferred as a
result of a reduction in fundus preprocessing
complexity. Various image processing tasks
benefit from deep learning architecture, like
feature extraction and segmentation without
any preprocessing step.

A deep learning-based model was presented
for HR detection 7. 32*32 labeled grayscale
fundus images were input of a deep learning
model with final accuracy of 98.6 % for
hypertensive retinopathy detection as an end
goal. In?, the variation of arterial blood vessels
was assessed using a random Boltzmann
machine (RBM) and a convolutional neural
network (CNN) algorithm. The AVR ratio and
OD region are selected features for the deep
learning algorithms. In the mentioned research,
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Figure 5: the flowchart representation of the designed CNN architecture
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Figure 6: The accuracy of the proposed CNN architecture

a significantly higher accuracy was achieved.
A CNN based approach to extract optic disc
fovea centralis and retinal vessels was used .
The CNN architecture contains 7-layers and
the output layer is made up of four nodes
representing the optic disc, retinal vasculature,
fovea centralis, and retinal background. A
classification accuracy of 92.68 % was
achieved using the DRIVE dataset. Also, The
CNN architecture was used for segmentation
and categorization of retinal vessels into
arteries and veins *”-?® in several studies. The
mentioned approaches were determined with
high accuracies for training with different
databsets; 93.5 % for the DRIVE database and
88.89 % for a mediocre dataset of 100 fundus
images. Ultimately, a CNN-based automatic
machine to recognize exudates in microscopic
retinograph was invented in *. The input data
ofthe CNN was patches of unusual dimensions
and preprocessed pixels positioned in the
center of the patch. Convolutional layers
are utilized to calculate probabilities of each
pixel to be exudate or not. The proposed CNN
contains four convolutional and pooling layers

Journal of Ophthalmic and Optometric Sciences. Volume 5, Number 2, Spring 2021

as hidden layers. The method was assessed
with the help of the DRiDB dataset and had a
F-score of 77 %.

Results and Discussion

The model was implemented in the python
(3.7) to test and train the convolutional
neural network with 16 and 64 images as test
and train, respectively were obtained from
integration of mentioned datasets. Based on
experiment, an accuracy of 87.5 % is achieved
for hypertensive retinopathy classification.
This result can be due to the attempt to
integrate two different datasets and issues with
dimensions of images. So, this preprocessing
method may be less appropriate for integrating
of different datasets. However, there is not
any comparison between other integration
methods to make our study meaningful due to
the lack of same research. figure 6 shows the
accuracy graph of the learning process with 18
epochs.

Furthermore, the model was tested with the
5-fold cross validation approach to better
evaluate its applicability in the real world,
particularly in clinical images. At the end
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of each round of training, the hypertensive
retinopathy probability of test dataset was
predicted and integrated with following round
results. Table 2 represents the confusion matrix
of predicted capability of the trained model on
the test dataset with related evaluation metrics.
We measured the accuracy (ACC), specificity
(SP), sensitivity (SE), precision (PR), and F1
score of the proposed model in order to evaluate
its performance. These statistical metrics
were used to assess the model performance
by comparing the mentioned values with
former developed models. We calculated the
SE, SP, PR, F1 score, and ACC parameters
using Equations *’. In order to calculate those
statistics, the following equations were used.
where TP, FN, TN, and FP are the numbers of
true positives, false negatives, true negatives,
and false positives, respectively. Here, TP is
a picture that is recognized as a hypertensive
retinopathy case in the test dataset and
predicted as a hypertensive retinopathy case
by our model, whereas FN is a picture that
is recognized as a hypertensive retinopathy
case in the test dataset but predicted by the
model as a non-hypertensive retinopathy case.
TN is a picture that is determined as a non-
hypertensive retinopathy case and correctly
predicted as a non-hypertensive retinopathy
case by the model, whereas FP is a non-
hypertensive picture in the test dataset and is
predicted as a hypertensive retinopathy case
by our model.

SE = ——— 3)
SP = —— (4)
PR = ——— (5)
F1 score = #TP+0.5#E:£N+#FP) (6)
ACC = s i ™)
28

Table 2: the whole dataset consists of 80 fundus
images. Also, the train and test dataset had 64

and 16 images at each round, respectively

Predicted | Predicted
Positive | Negative
Actual 51 { Sensitivity =
Positive 0.98
Actual 9 19 Specificity =
Negative 0.678
Precision =| F1 score =| Accuracy =
0.85 0.91 0.875

There is a pivotal challenge when hypertensive
retinopathy  classification

developed based on traditional methods. This

system  was

mentioned issue is the lack of a large number
of images in one unique dataset with the same
image attributes. The ConvNet system is
created in this paper to address the mentioned
issue with the help of utilizing more complex
preprocessing steps to integrate images
of different datasets better and achieve a
general system of hypertensive retinopathy

classification.

Conclusion

Hypertensive Retinopathy is a vision-related
abnormality that stems from the high blood
pressure of eye veins. Thus, onset detection of
HR is essential to stop its further side effects
on eye which finally makes eye blind. This
project aims to help HR diagnosis with deep
learning algorithms to improve the accuracy
of the mentioned process. Furthermore, the
invented deep learning algorithm has the
ability to rapidly detect HR by scanning the
fundus image of eye with an accuracy of
87.5 % after preprocessing the input fundus
image. The accuracy will be increased by using
more complicated color space transformation-
related algorithms will be invented in the near
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future due to rapid advance of knowledge.
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