A Novelty Patching of Circular
Random and Ordered
Techniques on Retinal Image to
Improve CNN U-Net
Performance

by Anita Desiani

Submission date: 28-Mar-2023 07:07PM (UTC+0700)
Submission ID: 2048973231

File name: patching_anita.pdf (2.62M)

Word count: 10231

Character count: 51795



Engineering Letters, 30:4, EL._ 30 4 05

A Novelty Patching of Circular Random and
Ordered Techniques on Retinal Image to
Improve CNN U-Net Performance

Anita Desiani, Member, IAENG , Erwin, Member, TAENG, Bambang Suprihatin, Ermatita,
Fathur R. Husein, Yogi Wahyudi

Abstract— U-Net is one of the CNN architectures with deep
layers that requires a lot of training and testing data. Unfortunately,
the retinal image data is not freely available. The large images can
add parameters and network complexity for U-Net. To improve the
ability of U-Net inretinal blood vessels segmentation , it is necessary
to provide sufficient with small data size. The blood vessels of the
retina are located inside the retina circle. This study proposes a
circular random patching and ordered patching technique to cut an
image in certain size. The circular random patching uses the
Euclidean distance at any point inside the retinal circle. If the
patching technique is applied carelessly and does not pay attention
to the circle area of the retina, it could cause the outer part of the
retina circle that does not contain blood vessels to be taken. This
technique proposes to meet the training data requirements of the
U-Net architecture by generating as possible many patch images as
containing retinal blood vessels. The ordered patching technigue is
used to obtain the patch images by cutting the entire original image
orderly starting from the first pixel point in the image at the testing
stage. At final testing stage, the output of patch images has to be
reassembled to be reconstructed to its original size with segmented
retinal blood vessels features. The proposed method has been
implemented on the DRIVE and STARE datasets. The results
obtained in DRIVE produced excellent accuracy, specificity
sensitivity, Fl-score, and IoU. The results in STARE were guite
well for accuracy, specificity, and sensitivity, but the F1-score and
IoU on STARE are insufficient so that both scores are needed to be
improved. The research shows that both the circular random
patching in the training stage and ordered patching in the testing
stage able to improve the performance of U-Net. The next step for
future work is going to combine the proposed patching technique
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with other CNN architectures to improve the results of retinal blood
vessels segmentation performance.

Index Terms— Blood Vessels, Diabetic Retinopathy,
Patching, Retina, Retinal Circle, U-Net

[. INTRODUCTION

DEEP learning is an artificial neural network method by
imitating the work of the nerves of the human brain to
process data and learn the pattern of data by computer so that
the computer can make decision. Deep learning is one of the
neural network which is very popular recently [1]. The
classification process that widely uses deep learning has
grown rapidly used in various studies [2]. One of the popular
methods in deep learning is Convolution Neural Network
(CNN). CNN can handle large-dimensional data such as
images because input of the CNN should be in the matrix
form [3]-[6]. One of the most widely used in CNN
architectures for segmentation in medical image analysis is
U-Net [7]. U-Net provides a good performance for
segmentation feature and classification of diagnoses on
medical images [3], [8], [9].

Several studies have applied U-Net for image
segmentation. Ronneberger et al. [7] applied U-Net
architecture for medical image segmentation, Soomro et al.
[10] modified U-Net architecture with
Variational-Auto-Encoder (VAE) on retinal blood vessels
segmentation, and Li et al. [11] modified U-Net as a new
architecture named Iter-Net for retinal blood vessels
segmentation. Others study using U-Net were Yan et al. [12]
on Digital Retinal Image for Vessel Extraction (DRIVE) and
Structured Analysis of the Retina (STARE) datasets, and Jin
et al. [13] did combination between deformable and U-Net on
the DRIVE dataset. Unfortunately, these studies still yield a
sensitivity below 77%. U-Net architecture has several layers
that are deep enough [14]. Adding layers directly to the
U-Net network can increase the parameters and complexity
of the network. This can lead to vanishing gradient problems
and excessive complexity during training [15], especially for
large size of images. Image datasets are available in various
datasets on internet such as DRIVE, STARE, CHASE-DB,
etc. The datasets have large size of images but they are less
quantity. According to Hamwood et al. [16], the performance
of U-Net is influenced by the amount of training data used
and the size of the image applied. In addition, the large size of
image affects the training process. The larger the image size,
the more memory is required. However, a less amount of
training data can lead to decrease the performance for
machine learning in exploring features. To handle this
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problem, we can do by using certain techniques to generate
training data. One of the techniques has been widely used is
patching technique. Patching is a technique that works to
divide an image into small pieces of image. This technique is
usually used to retrieve certain features or reproduce training
data [17]. The patching technique divides the image into
multiple images with the same size [I5], [18], [19]. If
patching process is done carelessly then the unused features
will be also detected during the training process. The
patching technique on retinal image blood vessels requires a
certain approach technique. A combination of patching
technique and U-Net architecture is an alternative idea to
increase the amount of data and U-Net performance on
training stage.

The retinal blood vessels are inside the retinal circle or the
eyeball. If the patching technique only divides the image
within a certain size, then part of the image that does not
contain blood vessels is captured. In addition, the size of
different patching also affects the convolution operation on
encode and decode of U-Net. The convolution operation of
U-Net has 2"x2" size of the feature map so the image patch
should have 2"x2" size of image. The other problem, if the
patching technique divides the image into a certain size, then
the number of patches obtained is sometimes not sufficient
for amount of training data needed. The training stage is very
important in recognizing patterns for label data. The success
of an algorithm in training stage is very important in
determining the performance of an algorithm or method in
testing stage. U-Net in training stage requires a huge amount
of training data. Currently, the availability of retinal blood
vessels image data is still very limited. To handle the limited
amount of data, special patching technique is required. The
patching technique should be able to generate as much as
possible images patch so meet the required amount of data,
especially at the training stage. The patching technique on
retinal images requires a certain approach because the blood
vessels taken are only in the retinal circle so the area available
for taking blood vessels on retinal images is limited. This
study uses circular random patching. The patching detects the
features that were in a retinal circle using Euclidean distance.
In contrast to patching at the testing stage, the patching
technique does not focus on getting the features of blood
vessels. In testing stage, the weights obtained in training
stage are be applied to image data test to get retinal blood
vessels. The patched images have to be rearranged easily
become original size of image. The resulting images in
testing stage are not like the original image but the images
with segmented retinal blood vessels as in original size of
image. In the testing stage, the proposed patching technique
is to divide the image into several patches with equal size.
Training state results weights that should be applied into
patch images in testing stage. This patching is necessary to
facilitate the reconstruction process to obtain segmented
image. This technique namely as the ordered patching
technique. The combination of the circular random patching
technique at the training stage and the ordered patching
technique at the testing stage expects to be able to improve
performance on the U-Net architecture. The combination on
proposed method would be an alternative method to improve
training data and increase the performance of U-Net
architecture for retinal blood vessels segmentation. The
better the performance of the U-Net architecture, the more
accurate as well as wvalid the retinal blood vessels
segmentation results will be.

II. RELATED WORK

Several modification of U-Net architecture have been
renewed for various data purposes. Trebing et al. [20] used
Small Attention-U-Net model, where the encoder part was
modified by adding a convolution block, which was taking
the input image in a series placed on double convolution,
while the decoder section was modified with Bilinear
Up-sampling. The result of this study on precipitation map
dataset produced an accuracy of 82.9%, specificity of 73%,
sensitivity of 85%, and Fl-score of 78.6%. While the study
on the cloud cover dataset produced an accuracy of 88.9%,
sensitivity of 92.1%, and Fl-score of 90.6%. Unfortunately,
the average performance results in both datasets was still
below the result of conventional U-Net architecture . Rundo et
al. [21] used the USE-Net model, which combined the
Squeeze-and-Excitation block into the U-Net. Hereafter the
USE-Net as compared with three other architectures, namely,
U-Net, pix2pix, and Mixed Scale Dense Network.
Unfortunately, this study did not calculate other model
performance measures such as accuracy, sensitivity,
specificity, Fl-score, and IoU. Samuel and Veeramalai [22]
used the VGG-16 Architecture and vessels-extraction layer
on U-Net architecture, where each vessel-extraction layer
consists of VSC blocks, SC layers, and feature maps. The
performance results for specificity, accuracy, and AUC
values in the DRIVE, STARE, and DCA1 datasets were very
good above 90% even though the sensitivity was still around
78% . The number of parameters used in the VSSC-Net model
were 8 million. Sambyal et al. [23] has modified the U-Net on
the encoder section using Residual Networks (ResNets)
architecture, on the bridge using middle convolution, and on
the decoder section using 4 U-Net blocks for microaneurysm
segmentation on the IDRID dataset. The study produced
excellent results of sensitivity, specificity, accuracy, and
F1-score values, which are above 90% as well as in the
E-optha-MA+IDRid dataset. The segmentation in both
datasets also produced excellent results, which are above
90%. The feature segmentations carried out in this study are
only on microaneurysms and exudates not on retinal blood
vessels. Shehab et al. [24] implemented ResNets-50
architecture by adding a skip connection shortcut on U-Net
layers for brain tumor image segmentation. The performance
results of this method using the 2015 BRATS dataset had
excellent accuracy, specificity, precision, and Fl-score
values, which are above 85%. However, the method was not
used for retinal image. Kose et al. [25] has implemented a
Multiscale Encoder-Decoder Network (MED-Net) which
consists several encoder-decoder subnets where the basic unit
of the sub network consists residual blocks (convolution
layer, ReLU, and batch normalization). The MED-Net
focused on confocal segmentation of melanocytic lesions
image. The results of Fl-score and sensitivity were still low
only 74% and 77% respectively, while for specificity it is
great, of 92%.

In image segmentation, the patching technique is applied
to improve features and crop or cut the image as desired.
Nortje et al. [19] applied a patching technique by converting
the image into a binary form and continued by cutting the
image into the same size. Takahashi et al. [26] performed
patching to cut and extract important features from multiple
images and merge these patches into a new image. The size of
the new image was the same as those of the original image.
Zhang et al. [18] used a patching technique to improve image
quality by cutting all parts of the image into the same size,
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fixing the features in each section and reassembling them into
their original size. Guo et al. [27] used the KD-forest
patching by cutting the image into the same size, and the
results of similar patches were combined into a new image.

Hsieh and Shao [28] did patching with a certain size on the
blurred image area. The contrast quality of the image patch
was enhanced to make image looks clearer. Yu et al. [29] did
patching by choosing a size randomly to reduce the
dimensions of the image and only the image patch that
contained the features needed were taken. Marin et al. [30]
performed a patching technique to reproduce new image data
with the same size. The patching was did by dividing the
entire area of the original image such that the image area does
not contain features would be taken. Liu and Yeoh [31] used
a patching technique by using different sizes in the image, i.e.
32x32, 64x64, and 16x16 specifically in the image area that
contains features of building crack dataset. Tang et al. [32]
performed a patching technique by finding similarities
between pixel points using the fuzzy k-means method. The
patch images were obtained on different sizes. Shi et al. [33]
did patching based on the proximity of Euclid's distance.
Xiao et al. [34] applied the patching technique by augmenting
data. Each data should be extracted 500 times into several
patches so that the number of training images is enlarged with
a patch size of 64x64. This study used the weighted
Res-U-Net  architecture for retinal blood  vessels
segmentation. This architecture was similar to the U-Net
architecture but by adding Weighted Attention and skip
connection on the Res-Net architecture. The sensitivity
produced in this study was still low below 78%.

[I. METHODOLOGY

A. Retinal Image Dataset

Retinal datasets are widely available and can be accessed
free of charge on the internet including the Digital Retinal
Images for Vessel Extraction (DRIVE) and Structured
Analysis of the Retina (STARE) datasets. DRIVE provides
retinal data that can be accessed and obtained on the website
https://www isi.uu.nl/Research/Databasess/DRIVE/. DRIVE
dataset is a publication of the Image Sciences Institute (ISI)
of the Utrecht University. DRIVE dataset comes form
observations of 400 diabetic patients. The observation
produces 40 images of retinal blood vessels which are
divided into two groups, one group had 20 images for training
stage known as ground truth and the another group had 20
images for testing stage. All images in DRIVE dataset are
also splited into two categories. The first is known as normal
class as many as 33 images and secondly is known as mild
DR class as many as 7 images. Another dataset is STARE
taken from https://cecas.clemson.edu/~ahoover/STARE/
which has been a rescarch project started in 1975 at the
University of California. This dataset consists of 400 retinal
images. There are 13 disease classes for each retinal image
sample in the dataset, including Hollenhorst Emboli, Branch
Retinal Artery Occlusion, Cilio-Retinal Artery Occlusion,
Branch Retinal Vein Occlusion, Central Retinal Vein
Occlusion, HemiCentral Retinal Vein  Occlusion,
Background Diabetic Retinopathy, Proliferative Diabetic
Retinopathy,  Coat's,  Arteriosclerotic  Retinopathy,
Hypertensive Retinopathy, Macroaneurism, and Choroidal
Neovascularization.

B. Method
The steps used for the proposed method are:

Image Quality Enhancement

The image quality of enhancement process is useful for
segmentation process to get the required features. There are
three steps of image quality enhancement starting with
Grayscale. The next step is to increase the contrast of the
image using Gamma Correction and Contrast Limited
Adaptive Histogram Equalization (CLAHE). The lastis noise
reduction and image smoothing using Median Filter and
Gaussian Filter.

Circular Random Patching Technique

The STARE has only 20 images for training data while on
the DRIVE dataset has 40 images for training data. With less
amount of image data, the model would have difficulty to
learn the important features. Image with small size but with
large amount of image data helps U-Net architecture in
studying the multiple retina blood vessel patterns in detail.
The patching technique is done to produce more small size
training data by partitioning or dividing a large image into
smaller subsections.

The circular patching technique works by taking points
randomly on retinal image. Fig | is an illustration of the
circular random patching technique that is carried out in the
training stage.

1) Determine the weight () and the height (p,) size of
patched image, where j;=w,=1 so the patched
image size is Xt , where fis less then weight (w)
and height (i) of original image size.

2) Determine the diameter (), radius (), and center
point of circle [O) at coordinates ( X, y:)) using
Equations (1) and (2),

1
- (D
r 2(d),
w h
P (2)
O(xne)’n) {2,2]

3) Generate any point P(—‘] R y]) as the midpoint of the

patch and calculate the Euclidean distance R between
P(x,.y;) and O(x,, y, ) with Eq (3). If the Euclidian

distance R is smaller than the length of the radius ¥
(R <r) than then take a patch of r' in square with

center point ,JL"()(r .V, )

R= \/(‘xr' — %o )2 + (yf — Yo )2 3
4) Do patching technique around the point P(xj- LV )

Fig 1. The Mustration of Circular Random Patching Technique on Retina
Image
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Point P(xj. . }:J_) would be the new center point to take
another point with a distance (r') on each diagonal
axis. The (#') is calculated with Eq (4). The results by
taking these points form a new image in the square
form.

R )
2

5) Rapid all steps to get the desired training data.

U-Net Architecture
At the training stage, the U-Net architecture is used to find
out the features that exist in image data, which is resulted
from the image enhancement stage. The U-Net steps used
are:
1) Initialize the parameters for number of epochs and batch
size.
2) Train the input data which resulted from image
enhancement using the U-Net architecture by Equations
(5),(6). (7). and (8) as follows [37]:

C;/ =0;+b, (5)
O, *K, (6)
n=l n-l
Ox‘y = zzarﬁr‘l%)’ Xk1+|‘y+| (?)
u=l v=
Cr,_\' = o.r,_\' + b(; (8)

where * is the convolution operation, x is the row

(x=12,..,n), y is the column (y=12,..,n), nis the
o i - ie o atri i

kernel height and A is the p input matrix, kq is the
il R R i R R

q kernel matrix, bq is the q kernel blels.Oq is the

. . . . 1h

kernel convolution operation matrix starts from the g '

. h - . . .
input to the p". C "is the convolution matrix of the
P P 4

h . h
q“ kernel input to the pr .

Where 7 is the input to the activation function and a[z]is

the result of the ReLU activation function.

4) Reduce the dimensions of feature maps using max
pooling.

5) Increase the dimensions of the image features using
transposed convolution.

6) Perform the convolutional operation with kernel size of
11 and use the sigmoid activation function in
Equation (10) [39].

ole)=
I+e~
Where g—(z)e (0,]}, and ; ¢ (— 0,0).

7) Calculate the loss function using the Binary Cross

Entropy formula in Equation (11) [40]:

! ii[}'ﬂ 1(3g[pﬁ]]+[1—}'1311—10‘15[[}]3]) (11)

mxn\ 75

(1m

I=-

Where mx n is the size of the matrix, y, is the entry of

. dh A
the ground truth label matrix, | ' of row, j of column,

«th

. . . . .
p; is the matrix entry predicted by |~ of row, j“()f

column, [ is the binary cross entropy error or loss
function.

Ordered Patching Technique

Patching technique on testing stage is different with the
patching on training stage. In testing stage, patching is done
sequentially and divided into the same size for the entire
image area. The image patches from this technique will be
segmented using the weights obtained in training stage. After
that, the patch images will be reconstructed back to its
original size that contain of retinal blood vessels. The
illustration of the steps that performed on patching ordered
can be seen in Fig 2. The steps for ordered patching in the
testing are as follows:

1) Determine height yw, and patching width fi, of the
patched image where yy, and J;, should be same size
we=h,=1 and smaller than the original image’s
width (W (W) and height (j,(h) so that the patched

image size is [ X1 . Specify the stride § value to be used

3) Perform the calculation process with the ReLU
activation function using Equation (9) [38].
2,220
alz)=max(z.0 )]
(2)=max(z0)| %0
............... w_o_
o
o
RS
' —
! o1
' =¥
h:
‘ =
: =
: =
: ISF

Ws
Patched Images

Fig 2. The Ordererd Patching Technique Ilustration on The Testing Stage
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3)

for shifting from one patched image to another. The
value of the variables },, y, and stride § must fulfill
Equations (12) and (13).
w l(w=5)=0 (12)
h 1(h—s)=0 (13)
This condition is needed in this patching so that during
the retrieval process, patch retrieval does not come out
from area of original image.
Calculate the number of patches (n,,) performed on the
width (w)of the original image and calculate the number
of patches (ny) performed on the height (h) of the
original image with Equations (14) dan (15).

n, = floordi »{ M) "

5

n, = ﬂm}rdh{@)+]

(14)

(15)

Take patched images sequentially starting from the first
coordinate. The patching technique works according to
the predetermined patched image size f, % .

4) Shift as many as s strides along the width W of the
original image starting from row { =0 and column j=0

o j=n,-
5) Continue by shifting the next line down with { =1 and
Jj=0 until j=,, doiton the next patched image until

all the coordinates have been patched.

Patched Images Reconstruction

After generating the patched images used the ordered
patching technique, the next process is segmentation. In the
segmentation process, the weights obtained at the training
stage are applied to the patched images. The segmentation
results are binary patch images that contain only retinal blood
vessels (white) and background (black). These results will be
reconstructed to put back the patch images together into a
single image with the original size. The flow steps for
reconstructing the patched images from the testing stage can
be seen in Fig 3. Fig 3 provides an example of 3 patched
insertion on the width of the image and the height of the
image.

Inpur
1.
211 O1z - -
Patched Images = dgg |= gy
P 0321 Oz
ool [ 0= Thy Tay e
Ay By - - '] Il - -
by |b,
et )
bo (b1 — Y dyy dyy - -
=1 =1
€oo €01
P - - =] LR dyy | dy
ol p= U M e -
' 1 ] 4 '] - -
Stride s =1
2. -
011 Op2 O o 012 o
b : 1 —a 13 -
0= : : ° Piz = oo | b:,: = by,
L) v v Opwnh T
0= % c_u:‘ O3 -
dyy  dyz e =ag +h” = by,
D= H H i | 10
dyy [ ST i 1 3 5 -
dyy dyy dyy -
Average of Matrix F =1 =2 =1
day dyy dag -
(Fo—f{j—:i) D= - =2 -1
l
i 3 ! 1 | -
Fu Fiz Fronw-1 | Frow
fz1 f22 Fraw-1 | Fauw <:| 04z
| o4y oy a.-_;’ -
F= : =a =
[ P | 4 B 01
022
Fuh-11fnh-12 - Fis oy | 0.
I =a an 23 -
el b =by
Fana | fanz Sanaw 0=t | o0
@31 O3z
J} = | T Ay i
! 1 P -
OQurpur Image Reconiruction
dyy dyy dyy -
T B ] R P
-
D= fn dzy dos |
=2 =3 =1
dyy | dy
-1 =1 -
] 1 | B

Fig 3. The Reconstruction Result of Patched Images as One Output Image
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The steps in reconstructing the segmented patch images
are:
1) Prepare a zero matrix () as a place to combine the
patched images, and a zero matrix D) as a temporary
matrix to calculate the addition of each pixel of the
patched image to the O matrix. The dimensions of the
D and O matrix must be the same as the original
matrix sizes of the image before patching.
Determine the value of stride § for the distance shift
from one patch to another in the matrix O.
3) Insert the patched images into the matrix O according
to the order of the patched images in the ordered
patching technique. Each time a patched image is
entered into the matrix (O, the entry 0; In the matrix
O will increase by added the value of the pixels in
patched image.
4) Shift the position of g;; on the matrix O by stride s so
position  will change by a distance of [+ 5 and
position j will change by a distance of j+ s for the
next patched image insertion.

5) Addonetoentry (c.l’r.)l +1) inmatrix D if there is a

change in the value of entry o in matrix 0. 1f the

value of entry in matrix O is already filled in, then add
up the existing values in the entry with the new value

from the patched image to be inserted, and add those

changes to the entry in matrix D.

6) Repeat the steps until all patches in the testing stage
have been inserted into the (O matrix.
7)  Perform the operation of dividing all entries ¢; in the

matrix O by the entries di; in the matrix D with

Equation (10). Put the results in entries fr-j- in Matrix
F.

[ -
Fo=2f ek (10)
p
Where g,; is entry in matrix 0, d ; is entry in matrix

D, i=12, p,and j=12- p,.

Pe.brmam‘e Evaluation

The performance of the proposed method is evaluated by
measures that commonly used in machine learning, namely
accuracy (Acc), sensitivity (Sn), specificity (Spe), IoU, and
F1-score (F1) obtained at lhe&sling stage [41]. [42]. At this
step, the results obtained on the proposed method would be
compared with the results of other similar studies. All steps
carried out on the proposed method could be seen as a
flowchart in Fig 4.

Training Data Training Stage

Input Image

‘-‘I Grayscale H

Median
Filter

Gamma

Image Quality Enhancement
Gaussian
Correction

CL: X 3
iy Il

Ground Truth

h 4

Patched Images

Image Enhancement

Circular Random
Palching

h

|

Ground Truth

Iraining and Vahdation |
using U-Net

Danaser

Testing Data

Input Image

#:-D{ Grayscale H

Median
Filter

Gamma
Correction

Image Quality Enhancement
Gaussian
Filter

Y

Ground Truth Ordered Patching

1

Patched Images
Reconstruction

Predict Result

Performance
Evaluation

Fig 4. All Steps of Combination Patching Technique and CNN U-Net on Proposed Method
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IV. RESULT AND DISCUSSION

After going through the image enhancement process, the
obtained image would be patched according to the steps in
the proposed method. This circular random patching
technique is used to obtain the blood vessels inside the retina
circle. Table I is an example of appl).]g circular random
patching technique with 40 iterations. In Table 1 it can be
seen that from the initial 40 iterations carried out on the file
“21_training.ppm™. Only 32 patches can be taken at random
points P(x,- ,)-‘r.), while for the rest, the patches can not be
taken because the Euclidian distance R is larger than the
radius 7 of the retinal circle.

TABLEI
EXAMPLE OF 40 ITERATIONS OF CIRICULAR RANDOM PATCHING ON
“21 _TRAINING”IMAGE ON DRIVE DATASET

Iteration ks ¥i R rr' R<rr’
1 183 380 139.31 23006 True
2 325 216 78.92 23006 True
3 273 260 24.42 23006 True
4 345 293 63.38 23006 True
5 446 148 211.71 23006 True
6 383 289 100.71 23006 True
7 283 277 552 23006 True
8 524 139 280.92 23006 False
9 309 167 118.50 23006 True

10 410 438 201.00 23006 True
11 452 319 173.39 23006 True
12 248 275 3531 23006 True
13 406 249 127.96 23006 True
14 168 208 115.54 23006 True
15 101 31l 183.72 23006 True
16 412 47 228.70 23006 True
17 448 415 212.01 23006 True
18 119 513 282.60 23006 False
19 313 366 §8.90 23006 True
20 529 227 252.67 23006 False
21 477 309 196.30 23006 True
22 102 221 190.69 23006 True
23 199 231 98.10 23006 True
24 173 153 169.59 23006 True
25 146 113 217.63 23006 True
26 59 228 230.05 23006 True
27 453 159 210.53 23006 True
28 74 418 248.66 23006 False
29 334 399 127.38 23006 True
30 341 400 131.26 23006 True
31 493 365 226.00 23006 True
32 70 469 282.73 23006 False
33 339 53 236.35 23006 True
34 473 65 289.13 23006 False
35 277 465 182.58 23006 True
36 368 32 264.69 23006 False
37 328 272 46.70 23006 True
38 291 120 162.72 23006 True
39 257 232 56.57 23006 True
40 150 492 247.88 23006 False

In Table I it can be seen that there are 40 initial iterations
carried out on the "21_training.ppm" image using circular
random patching technique. The experiment results 32
patched images that can be retrieved at points P(xf,yi)_

Meanwhile, the rest patched images are not be taken because
they are outside the retinal circle. The Fig 5 shows the results
of the circular random patching technique on the
"21_training.ppm" data DRIVE based on the calculations as
in Table I.

Fig 5. The Result of 32 Patch Images from Circular Random Patching by
Generating 40 Random Points

A.  Segmentation

Image segmentation is to separate a crucial part from other
parts on retinal image. The crucial part is known as
foreground and the others known as background [43].
Segmentation is the process of separating the used and not
used feature. The results of the patching process of the
example in Fig 5 become the input for the segmentation
process. At segmentation, the data is divided into training
data and testing data. The CNN architecture used for
segmentation is the U-Net architecture. Fig 6 shows the
process in the U-Net architecture. The patching size for the
image used on the proposed method is 48x 48 | which is
considered enough size for this architecture. The
segmentation is divided into 2 stages, namely the training and
testing stages where each stage has a different patching
technique.

B. Training

In the training stage, the training process is carried out
using the CNN U-Net Architecture which is illustrated in Fig
6. The steps in the U-Net architecture consist of two paths,
namely the Encode path and the Decode path. In the encode
path, the convolution block process is resulted by Equation
(1) with 32 filters and used the same padding on the 1st
convolution block. After the first convolution with 32 filters,
20% of the feature map is set to zero (0) with a dropout
screen. After passing the dropout screen, 32 feature maps
would be convoluted again as with the previous convolution
block process. After that, the dimension of feature maps is
reduced using the max pooling in Equation (2). The same
process is performed on the encode path for the 2nd, 3rd, and
4th convolution blocks with the number of filters in a row,
namely 64, 128, and 256.

The next step is the convolution process in the 5™
convolutional block using the ReLU activation function
(Equation (3)) but it does not use max pooling in the
connecting line with some filters of as many as 512. In the
decode path, the transposed convolution process is carried
out with some filters as many as 256 in the 6th convolutional
block. The next stage is to combine the results of the
transposed convolution in the 6™ convolutional block in the
decoding path with the convolutional results in the 4th
convolutional block in the encode path. The result of this
combination is convoluted with the 256 number of filters like
the previous convolution block process. The same process is
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carried out on the decode path for the 7%, 8" and 9"
convolutional blocks with the number of filters, namely 128,
64, and 32, respectively. The convolution block process is
performed again using the convolution size of 1x1 and
applied with the sigmoid activation function.

INPUT
48x48x1

OUTPUT
48x48x1

Encode * Decode
Conv2D -

Output: 48x48x32 Sigmoid
Spatial Dropout CD.M;'I_:) )
Output: 48x48x32 Output; 48x48x1

Conv2D
Output: 48x48x32
: Conv2D
A Output: 48x48x32
Conv2D Conv2D
Output: 24x24x64 Output: 48x48x32
Spatial Dropout Concatenate

Ouiput: 24x24x64
Conv2D
Output: 24x24x64
T

Output: 48x48x64

{ Conv2D
Conv2D Output: 24x24x64
Output: 16x16x128 Conv2D

OQutput: 24x24x64
Concatenate
Output: 24x24x128

Spatial Dropout
Output: 16x16x128
Conv2D
Output: 16x16x128
T

—r - Conv2D
Conv2D Output: 16x16x128
Output: 8x8x256 -
— Conv2D
?’]"““a] Dropout Output: 16x16x128
Output: 8x8x256
- Concatenate
Conv2D

" Output: 16x16x256

Output: 8x8x236
T

A J
Conv2D Conv2D
Output: 4x4x512 Output: 8x8x256
Spatial Dropout Conv2D
Output: 4x4x3512 Output: 8x8x256
Conv2D Concatenate

OQutput: 4x4x512 Output: 8x8x512
T L3

Maxpool 2D ==» Copy ——

ConvTranspose - »

Fig 6. CNN U-Net Architecture with Input Size of 48x48 for Each Circular
Random Patched Image

The training process using the CNN U-Net architecture is
applied to the DRIVE and STARE datasets. The results of the
training process for the DRIVE dataset and the STARE
dataset per epoch appear the growth of accuracy score (Fig
7). The increase in accuracy for DRIVE and STARE datasets
shows that the proposed method has a good learning to detect
blood vessels on the retinal image. In each epoch, the
accuracy results always increase and does not change when
entering the 30" epoch and so on. Even though the final
accuracy of the STARE dataset is higher than the DRIVE

dataset, the training accuracy of the DRIVE dataset is more
stable, it can be seen that the accuracy always increased with
the addition of each epoch. This indicated that the model
implemented in the training process for both datasets has
been running well. The next stage is the best weights in the
training process would be saved in the model and used in the
testing process. The combination of U-Net CNN and Circular
Random Patching technique at the training stage produces 7
million parameters with a patch image size of 48x48. The
average execution time per image in the proposed method is
around 20 seconds for the DRIVE dataset and 23 seconds for
the STARE dataset.

0.98
STARE

0.96
2094 '
B DRIVE
E

0.92

0.90

0 5 10 15 20 25 30
epoch

Fig 7. Training Accuracy Results per Epoch on The DRIVE and STARE
Dataset

C. Testing

At the testing stage, the steps taken to test the model are to
use new data that has not been used in training. This is given
to test whether the resulting model has been applied and can
retrieve the information that has been learned during the
training process. In the testing process, the sequential
patching technique is carried out by dividing the original
image directly with the same size, and the patching technique
is carried out sequentially from right to left of the image and
continued to the bottom according to the desired patching
size. After that, the weights obtained in the training process
are applied to the patched image to segment the existing
blood vessels in each sequenced patching image.

The results of the tests are carried out on the DRIVE and
STARE datasets using the test data provided in the datasets.
The result of segmentation is a patched image that has
succeeded in recognizing retinal blood vessels. The
segmentation results from each patched image are
reconstructed back to their original size with the resultant
segmented veins. Table II is a comparison between the
segmentation results obtained with the results on the ground
truth provided by the dataset. Before the comparison is made
between the reconstruction process, the same thing is done,
namely combining the segmentation results from each
segmented patch image and calculating the average pixel
value which is the intersection of one patched image with
another patched image. The reconstruction process is the
opposite of the patching process, which is rearranging the
patched image back to its original image size.
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TABLE I
COMPARISON OF GROUND TRUTH WITH SEGMENTATION TEST RESULTS USING CIRCULAR RANDOM PATCHING TECHNIQUE AND U-NET ARCHITECTURE ON
DRIVE AND STARE DATASETS

STARE

DRIVE

Original Ground Tth

Prediction

Original Ground Truth Prediction

In Table I1, retinal blood vessels segmentation from testing
are quite similar to the ground truth provided in the DRIVE
and STARE datasets. In Table II the thin branch of the blood
vessels can be seen cle.ly in the segmented image according
to the ground truth. To measure the performance of the
proposed method, a confusion matrix iss used to measure
accuracy, sensitivity, specificity, Fl-score and IoU. The
results of the confusion matrix can be seen in Table III.

From the confusion matrix in Table III, the performance of

the proposed method on the DRIVE and STARE datasets can
be measured. For the DRIVE dataset. the results obtained
were as follows, accuracy was 98.73%, sensitivity is 85.35%,
specificity is 100%, F1-score was 92.09% and IoU is 85.35%.
In the STARE dataset, the accuracy value is 93.08%,
specificity is 93.65%, sensitivity is 86.2%, Fl-score and loU
obtained are 65.26% and 48.3%, respectively.
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TABLE I11
RESULTS oF CONFUSION MATRIX ON RETINAL IMAGE BLOOD VESSELS
SEGMENTATION USING CIRCULAR RANDOM PATCH TECHNIQUE, U-NET,
AND ORDERED PATCHING ON DRIVE aND STARE

Ground truth
Segmentation DRIVE STARE
Result
Blood Blood
Vessels Background Vessels Background
Blood Vessels 493282 84663 555165 88888
Background 0 6101735 502173 7402254

From the results of the confusion matrix calculation results
m Table III, it can be seen that the Fl-score and IoU values in
the STARE dataset were still low (under 70%). It indicates
that the model by U-Net architecture's ability to separate the
foreground (retinal blood vessels) and background (other
features) areas still needs to be improved. This is in contrast
to the results shown in the DRIVE dataset. The confusion
matrix in Table IIT for the DRIVE dataset gives a very good
and excellent performance. The results where the value of
each performance measure of the proposed method has given
results above 85%. The number of retinal and background
blood vessel pixels in the DRIVE and STARE datasets is not
balanced. From Table III, it can be seen that the number of
belckgr('ld pixels is more than the number of blood vessel
pixels. To measure the performance of the model on
unbalanced data, the Matthews correlation coefficient (MCC)
is used. The MCC value obtained in the DRIVE dataset is
0.92, while for the STARE dataset the MCC value obtained is
0.64. The MCC values in both datasets are almost close to 1.
These results indicated that the proposed method is able to
work well even though the number of classes in the data was
not balanced. In addition, the ROC evaluation on both
datasets is used to measure the results of the proposed method
on both the DRIVE and STARE datasets.

Fig 8 shows the results of ROC and AUC in the two
datasets used. This is to determine the increase in ROC and
the area of the AUC obtained. Fig 8 shows that the area under
the ROC curve graph obtained is equal to or close to 1,
especially in the performance results on the DRIVE dataset.
In the DRIVE dataset, the number of True Positives obtained
was greater than the number of False Positives. On the other
hand, in the STARE data, although the ROC curve s also
close to one, its value is still below the result in the DRIVE
dataset. This is influenced by a significant False Positive rate.
From Fig 8, it can be seen that the AUC curve area is very
good for both datasets. The AUC in the DRIVE data has a
perfect value of | and the AUC in the STARE data is close to
1, which was 0.9607. This shows that the segmentation
results carried out by the model on retinal blood vessels can
provide good quality.

In this study, the segmentation process has been carried out
using a combination of circular random patching technique,
CNN U-Net, and ordered random patching technique. To see
the extent to which the success of the proposed method, the
performance results of this study are compared with several
other studies related to blood vessels segmentation. The
comparison between the results obtained in other studies and
in the proposed method is shown in the Table IV for DRIVE
dataset and Table V for STARE dataset.
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STARE (AUC = 0.9605)
0.0
0'0 0.2 0.4 06 0'8 10
False Positive Rate

Fig 8. ROC with Curve Area (AUC) Test Results on The Proposed Method
for DRIVE and STARE Datasets

TABLEIV
RESULTS COMPARISON OF THE PROPOSED METHOD WITH OTHER STUDIES
FOR DRIVE DATASET

Acc Sn Spe loUl Fl

Metbod ® % @) (%) (B
SA-U-Net [45] 9698 8212 98.4 82.63
Strided U-Net [10] us9 80.2 97.4 - -
M-GAN [42] 9706 8346 9836 71,29 8324
MRU-Net [46] 96.11 8618 - 7291 8444
[[i—_ll‘h:et Shrinking path 947 2092 982 i .
MDCF-L+U-Net [48] . 834 8157 8235
DU-Net [13] 9566 7963 8237
Patch-based Generative

Adversarial Network 095,62 9824 7746 - -
[49]

U-Net [50] 95.54 7849 9802 81.75
PixelBNN[51] 922 73.5 98.3 76.5
MRA-Net[52] 96.9 83.5 98.2 829
Proposed Method 09837 854 100 854 92,07

Table IV presents a results comparison of the proposed
method on the DRIVE dataset with other similar studies. The
application of the circular random patching technique and
CNN U-Net architecture in the DRIVE dataset has given
excellent results. The performance results from tiing on
DRIVE are superior to STARE results. In table IV, it can be
seen that the proposed method has the best results compared
to other studies for accuracy, specificity, IoU, and F1-score.
Although the highest sensitivity is obtained by Abbas et al.
[49] but their specificity was still below 80%. It illustrated
that their study has not been maximized to segment
background. In addition, the study did not measure the
F1-score and IoU. Research by Park, Choi, and Lee [42] and
Ding et al. [46] also measured their performance using 'U
and Fl-score, but those were still lower than IoU and
Fl-score on the proposed method. The.:l-score on the
proposed method is 854%. It indicated that the proposed
method had a very good balance in the blood vessels
segmentation or the background segmentation. The lIoU on
the proposed method is the highest compared to other studies.
This shows that the proposed model is great at distinguishing
the region between blood vessels as foreground and other

Volume 30, Issue 4: December 2022




Engineering Letters, 30:4, EL._ 30 4 05

regions as the background correctly.

TABLE V
RESULTS COMPARISON OF THE PROPOSED METHOD WITHOTHER 5TUDIES FOR
STARE DATASET

Acc Sn Spe loU F1

Method R R )
H-DenseU-Net [53] 96.51 6807 9906 - 76.91
Strided U-Net [10] 961  80.1 969 : 81.27
U-Net [50] 9637 764 9865 . .
M-GAN [42] 9876 8324 9938 7198 8370
MRU-Net [46] 96.62  78.87 . 6864 8143
MDCF-I+U-Net [48] ; 7924 9827 ; ;
DU-Net [13] 9641 7595 . 8143 .
Patch-based
o STAR L 9647 7940 9869 - -
[49]

[’;i‘l'e“‘”'a' Networks  gc91 7627 9841 6403 7807
BSEResU-Net ([55] 9543 7497 9842 - :

MRA-Net[52] 9763 842 987 ; 842
Proposed Method 9308 862 9365 483 6562

Table V is a segmentation results comparison of the
proposed method with other studies on the STARE dataset.
The highest accuracy and F1-score were obtained by Jiang et
al. [52] but the sensitivity obtained was still lower than the
sensitivity of the proposed method. The highest specificity
was obtained by Li et al. [53], but the sensitivity obtained was
still poor which was only 68.07%. The highest IoU was
obtained by Jin et al. [13]. Unfortunately, the sensitivity was
still below the sensitivity of other studies. In addition, this
study did not measure specificity and Fl-score. some other
studies also has sensitivity below 80% namely Lv et al. [50],
Ding et al. [46], Jin et al. , Isola et al. [54] but their IoU was
higher than the IoU of the proposed method. The Fl-score of
the proposed method on STARE is still below 70%. This
shows that the comparison between the prediction of blood
vessels and the background is not balanced. The IoU on the
stare dataset is also still low. It indicates that the method is
still needed to improve to be able to separate between the
background area and the area containing retinal blood
vessels. The sensitivity of the method proposed in STARE is
very good above 85% indicating the model has great
performance in detecting blood vessels, especially for the
thick retinal blood vessels.

Almost all of the studies in Table I'V and Table V modified
the U-Net architecture and proposed new architecture. The
method proposed in this study does not modify the U-Net
architecture but only modify the patching techniques in the
training stage and testing stage to generate large data.
However, the test results on the DRIVE dataset are excellent
results of accuracy, specificity, and Fl-score where the
results obtained are above 90%. the sensitivity and IoU
values are still below 90% but the proposed method is able to
outperform several other studies. The results on the STARE
dataset such as the accuracy, sensitivity, and specificity
obtained are very good, but the Fl-score and IoU in STARE
is still needed to be improved. The results of the MCC and
AUC area on the datasets also show that the proposed method
is able to work well on unbalanced datasets where the number
of background pixels is more than the number of retinal bool

vessel pixels. The application of U-Net in this study is
compared with the study of Lv et al. [50] which also used the
conventional U-Net architecture. The results of the
comparison of these two studies indicated that the patching
technique in the proposed method significantly can improve
the performance of conventional U-Net.

V. CONCLUSION

The application of the circular random patching technique
and the ordered patching method to increase the training and
testing data as well as obtain the required features is able to
provide a great performance increase from the U-Net method.
The patching technique provided input images with a smaller
size but contained the features needed to retinal blood vessels
segmentation. Although the U-Net architecture consisted of
several layers, the application of this patching technique was
able to help maximize the performance of U-Net even though
the data being trained is a lot, namely by providing input with
small but large amounts of data. In addition, the resulting
performance parameters, namely accuracy, sensitivity, and
specificity indicates that the proposed model provides
excellent results In segmenting retinal blood vessels,
especially for the DRIVE dataset. The ROC and AUC results
also show that the model's performance is very good in
segmenting the DRIVE or STARE dataset. The performance
of the Fl-score and loU parameters for the DRIVE dataset
are excellent, but in the STARE dataset, the Fl-score and IoU
values should be improved by various combinations of
patching techniques and other CNN architectures.
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