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Abstract

Semantic segmentation is a segmentation based on the accuracy of the pixel. Segmentation of retinal vessels aims to differentiate be-
tween vessels and non-vessels. There are many conventional methods of retinal vessels segmentation. Conventional methods should
perform feature extraction manually. Currently, there has been widely researching on deep learning. Deep learning performs feature ex-
traction automatically during the training phase. One of the methods of deep learning is the Convolutional Neural Network (CNN). The
research used three steps i.e creating network layers, training the network, and evaluation of accuracy. We use ten layers of CNN. The
CNN architecture consists of Convolution layers, Rectified Linear Unit layers, MaxPooling Layers, Transpose Convolution Layers and
Softmax Layer. Furthermore, training the network include the optimization of the training phase. There are three optimization algorithms
used for the training phase. The optimization algorithms are Stochastic Gradient Descent with Momentum (SGDM), Root Means Square
Propagation (RMSProp) and Adaptive Moment Optimization (Adam). The dataset used for the experiment is Digital Retinal Image for
Vessel Extraction (DRIVE). Computation process using the Graphical Processing Unit. Variation scenarios are performed to get the op-

timal accuracy. The vessels semantic segmentation average accuracy achieved 91.11% - 98.08%.
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1. Introduction

Semantic Segmentation is a technique for clustering objects in an
image. Clustering is based on differences in pixel color intensity
[1], [2], [3], [4]- Research on semantic segmentation has grown
extensively for autonomous driving [5], robotic vision [6], and
medical purposes [7]. One of semantic segmentation research for
medical purposes is the segmentation of retinal vessels.

The normal retina contains blood vessels, optic disc, fovea, and
macula. The structure of the retinal vessels has a complicated
shape. The features of the retinal vessels include length, width,
tortuosity or branching pattern and angle direction [8], [9]. Fig.1 is
a visualization of the retinal fundus and retinal vessels ground
truth.
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Fig. 1: Visualize Of Fundus Image and Vessels Ground Truth from
DRIVE.

Retinal vessel segmentation have been done with various methods
such as a matched filter [10], mathematical morphology [11],
vessel tracking [12], and machine learning [13], [9]. Currently,
research using machine learning especially deep learning has
grown widely. Deep learning does not require manual feature
extraction. It is automatically performed in the training phase.
Deep learning can do classification and segmentation with a lot of
data and classes. There are studies about retinal segmentation
using deep learning. Melinscak et al. have researched retinal ves-
sel segmentation using Convolutional Neural Network (CNN).
This research uses Caffe Architecture. Layers consist of convolu-
tion, max-pooling, ReLU, stride, padding and fully connected. The
specifications of the device that used for the test are Graphical
Processing Unit (GPU), 2 Intel Xeon processors, 64 MB RAM,
and Tesla K20C graphics card. The testing dataset using DRIVE.
The research achieved 94.66% for accuracy [14].

Maji et al. using a CNN architecture that consists of 11 layers. The
layers are convolution, ReLU, and Softmax. The algorithm for
training phase optimization uses RMSProp. The test results using
the DRIVE dataset achieved an accuracy up to 94.7% [15].
Maninis et al. performing blood vessel segmentation and retinal
optic disc using CNN. The CNN architecture used is GoogleNet.
The experiment using a single GPU. Dataset using public data
include DRIVE, STARE, DRIONSDB, and RIM-ONE. Epoch
was very large. It was up to 20,000. Learning rate was very small
108, Resulted show Precision Call Region (PCR) is 82.22 % for
DRIVE dataset and 83.1% for STARE dataset [16].

Liskowski & Krawiec perform retinal vessel segmentation. Exper-
iment using patches obtained from DRIVE, STARE and
CHASEDB datasets. Preprocessing is done to enhance image
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quality. Tests were conducted using a single GPU. The CNN ar-
chitecture consists of nine layers. The layers consist of four con-
volution layers, two max pool layers, and three fully connected
layers. The accuracy shows 94.73% for DRIVE dataset, 93.49%
for STARE dataset and 95.38% for CHASEDB dataset [17].

Pratt et al. present retinal vessels segmentation. It is used the
patches of the DRIVE dataset. Size of patches is 2121 pixels.
The number of patches used is 101.416. Architecture using
RES18. GPU based experiments. The highest accuracy results
achieved 80.27% [18].

The studies have not achieved maximum accuracy and there is no
documentation of the time required for the computation process.
The novelty of this research is the CNN model consists of 10 lay-
ers. Furthermore, an optimization algorithm at the training phase.
The optimization method using three different algorithms include
Stochastic Gradient Descent with Momentum (SGDM), Root
Mean Square Propagation (RMSProp) and Adaptive Moment
Optimization (ADAM). The result of the semantic segmentation is
compared with ground truth. The dataset experiment was taken
from DRIVE [19]. The different parameter is used to get the best
accuracy. The parameter is the learning rate and minibatch size.
Learning rate are 0.001, 0.05 and 0.01. Minibatch size are
4,8,16,32, and 64. Image input used 128128 pixel.

2. Research method

2.1. Deep learning

Deep learning is part of machine learning. Deep Learning can do
learning itself. It depends on the algorithm used. Deep learning
develops the concept of a neural network with more layers inside.
Deep learning can be done with supervised and unsupervised
learning. Supervised learning uses for classification. Otherwise,
unsupervised learning uses for clustering [20].

2.2. Convolutional neural network

Convolutional Neural Network (CNN) is one of the methods in
deep learning. CNN is a development of the neural network. The
neural network structure consists of the input layer, hidden layer,
and output layer. CNN modified hidden layer structure consists of
several different layers. The layers are convolution, pooling,
ReLU, transposed convolution, softmax and fully connected layer
(FCL). Padding operation follows convolution layer. The pooling
layer followed by stride operation [21].

CNN has several architectural models. The architecture includes
LeNet, AlexNet, ZF Net, GoogleNet, VGGNet, and ResNet. Le
Net is used to read zip codes and digits [22]. AlexNet is an archi-
tectural model that is widely used to build CNN. AlexNet has a
resemblance to LeNet, but the architecture is deeper and larger.
Convolution layer feature followed by pooling layer at the begin-
ning of the CNN layer [21].

Furthermore, ZFNet is an architecture development model from
AlexNet. ZFNet modifies the architecture hyperparameters, ex-
tends the size of the convolutional middle layer, making the stride
size and filter at the beginning of the layer smaller [23].
GoogleNet develops an inception module that reduces the number
of parameters on the network. The AlexNet 60M can be reduced
to 4M. Pooling using average pooling. There is an architectural
model development from GoogleNet. It is Inception-v4 [24].
Furthermore, VGGNet contributes to the depth of the network is a
significant component to produce better output. The best system
generated by VGGNet consists of sixteen convolution layers and
fully connected layer. Pretrained models can be used directly at
Caffe. VGGNet requires more memory and 140M parameters.
Most parameters are in the initial FCL [25]. ResNet uses skip
connections as well as batch normalization. The ResNet architec-
ture also eliminates FCL at the end of the network [26].
Convolution layer is a layer that performs convolution operation
between input matrix image with a filter matrix. Filter sizes are

generally much smaller than the image size. Convolution opera-
tion shows in Fig. 2.
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Fig. 2: Convolution Operation.

There is a padding operation in the convolution layer. Padding
occurs when the matrix does not match the filter matrix. Padding
operation is done at the edge matrix value. There are two options
for padding that is using zero padding or valid padding. Zero pad-
ding means changing the value of the edge matrix to zero. Valid
padding means not changing any value on the edge matrix [27].
Fig. 3 shows zero padding.
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Fig. 3: Zero Padding.

Pooling layer is a layer that reduces the matrix dimension to the
quarter size. There are three types of pooling: max pooling, aver-
age pooling, and sum-pooling. Max pooling is the most widely
used pooling type. Max pooling means taking the maximum value
among the existing pixel values. Max-pooling shows in Fig.4. The
pooling layer, there is a stride operation. Stride is a sliding win-
dows operation, which means moving the filter windows horizon-
tally or vertically in accordance with the input value [28].
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Fig. 4: Max Pooling.

Rectified Linear Unit (ReLU) layer consists of zero and positive
value. If the pixel is negative then changed to the zero. The posi-
tive value is a fixed value of the matrix. Fig.5 shows the ReLU
operation.
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Fig. 5: RELU Operation.

Transposed convolution layer is a layer that performs transposed
convolution operation between the input matrix with the filter.
Transpose operation exchanged for column and row dimensions.
Furthermore, FCL is a layer that works similar to the neural net-
work. An activation function generally follows the FCL. The neu-
ral network has an activation function include linear activation,
sigmoid, hard limit and bipolar. CNN activation function uses the
softmax [29], [30].

2.3. Training optimization using gradient descent

Gradient descent is an optimization neural network method. Gra-
dient Descent performs the objective function optimization. The
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objective function is a set of parameters. Parameters such as learn-
ing rate, max epoch, and batch size. Gradient descent works by
giving the initial values of the parameters. Moving forward moves
iteratively to the number of specific parameters. The goal is to
minimize the function. Gradient descent can find the optimal
weight value with small error. Time to see the optimal weight
value automatically determines the training time [31].

The higher learning rate will affect the greater of the training step.
If the learning rate is too large, the gradient descent algorithm
becomes unstable. Vice versa, if the learning rate is set too small,
it will cause the gradient descent algorithm to converge for a long
time. The gradient descent equation is found in equation 1. Fig. 5
shows the movement of the gradient descent function [31].

Beyy = B — @il (6,) (1)
With 8, = weight, &, , ;= next weight, , @ = learning rate, L (8, =

gradient loss function to &, . The gradient descent updates iterative
the parameter 6.

&)
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Fig. 5: Movement of Gradient Descent Function A) Large Learning Rate,
B) Small Learning Rate.

Three gradient descent algorithms used in this research included
Stochastic Gradient Descent with Momentum (SGDM), Root
Means Square Propagation (RMSProp) and Adaptive Moment
Optimization (Adam). The purpose of the three algorithms deter-
mines the optimal value of each parameter weight. But it has a
different way of assessing the value of the learning rate. Learning
rate is used to determine the speed of training by minimizing the
divergent risk by passing the minimum amount.

2.3.1. Stochastic gradient descent with momentum
(SGDM)

Gradient Descent uses all # samples of the data. There is a faster
way to do it. Stochastic Gradient Descent (SGD) use one by one
example of the data. SGDM is a development algorithm of SGD
with additional momentum. Momentum accelerates the relevant
direction and reduces the oscillations. The difference in the
movement of SGD without momentum and SGD with momentum
is shown in Fig. 6. The SGDM equation is adding the m variable
to the vector update.

Vppqy = WUy — @ GL(G,) 2)

Brog = B+ Vryy 3)

with i = momentum
The u variable is a constant that governs the amount of the previ-
ous gradient. The p variable is generally set to 0.9
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Fig. 6: Movement of A) SGD B) SGDM (31).
2.3.2. Root means square propagation (RMSProp)

RMSProp provides different update rates on each dimension of the
vector parameter #; and can adapt based on specific indicators.
One of the symbols used is the change value of the vector gradient
in specific dimensions. This change is known as the Adaptive
Subgradient Descent (AdaGrad) algorithm. Adagrad has the prob-
lem of slow execution time. For that modification is done by add-
ing ¥ and 1 — ¥ constant to set the magnitude ofgr: and n; [32].

ne= (1= ¥)gi + ey )
_ _ gr
Bp=6— Tec (5)

With 2. = dimension , g, = gradient
2.3.3. Adaptive moment optimization (Adam)
Adam is a first-order gradient-based optimization algorithm.

Computationally efficient requires low memory. Adam combines
two approaches: momentum and adaptive subgradient [33].
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With m,; = momentum, 7, = adaptive subgradient
2.4. Minibatch size

Minibatch size is a variation of the gradient descent algorithm that
divides training datasets into specific batch sizes. Minibatch size
can speed up computing time. The minibatch will process accord-
ing to the size given in parallel. A large of minibatch size will also
require considerable memory. Generally, a large minibatch size
will converge more slowly when compared to a smaller minibatch
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size. However, low values will affect the appearance of noise dur-
ing the training process.

The minibatch size for the GPU can be adjusted with memory
progression. The size used is a power of 2 includes 4,8, 16, 32,
and 64

2.5. Cross-entropy loss

Cross-Entropy Loss (CEL) is a measurement of loss using a com-
parison of probabilities and results of probability predictions. CEL
actually for binary probability (0 and 1) [34].

Loss(p.gq) = — pr (x) log g (x) an

Herewith p is the probability (0 or 1), g is predicted probability.
2.6 Vessels semantic segmentation

Vessels segmentation based on the difference in pixel intensity.
Segmentation is classifying two classes, vessels, and non-vessels.
The vessel pixel value is 255 while non-vessel is 0.

A structure of CNN is built. CNN uses 10 layers model. Layer
sequence used is convolution layer with padding size 1, ReLU
layer, max-pooling layer with stride size 2, convolution layer with
padding size 1, ReLU layer, transposed convolution layer with
stride size 2, convolution layer, softmax layer, and pixel classifica-
tion layer output. Fig. 7 shows the configuration of ten layers
CNN.

‘L Image input 128x128

64 3x3 convolution, stride [1 1]
padding [111 1]

Yy RelU. max pooling

64 3x3 convohttion, stride [1 1],
padding [111 1]
RelU

L
64 3x3 convolttion, stride [2 2],
output cropping [1 1]

v
2 1x1 convolution, stride [1 1].
padding [0 00 0]

softmax

|

Segmentation output

vessel, non vessel

Fig. 7: Sequence of CNN 10 Layers Model.

The next process is to optimize the training data using gradient
descent based algorithm included SGDM, RMSProp, and ADAM.
The algorithm of vessels semantic segmentation is shown in Fig.
8.

3. Result and discussion

The data used for testing is data DRIVE in the test section. Data
consists of 20 RGB images and 20 ground truth images. The
ground truth image used is the second expert. The experiment was
done on a single Graphical Processing Unit (GPU) with specifica-
tions of Core i7 7700, MSI Z270 a pro, GTX 1060 6 Gb D5 amp,
DDR4 16 Gb, PSU 800w, SSD 60 Gb.

INPUT : Load Images, Groundtruths
PROCESS :

1. Create datastore for Imnages
2. Create datastore for Groundtruths
3. Create CNN architecture
(numfilters, filterSize, numClasses, Lavers)
4. Setup traming with optimization algonthms
(tramnmngOptimizationsAlgoritms, mitiallearningRate,
maxEpochs, minibatchSize)
3. Create tramningData that contains datastore
for Images and Groundtruths
6. Train the Network
(trainingData, Lavers, Setup Training Optimizations)

OUTPUT :

Accuracy, Computation time

Fig. 8: Algorithms of Vessels Semantic Segmentations.

The experiment has been carried out on 32 x 32, 64 x 64, 128 x

128,256 x 256 and 512 x 512 pixels. The best results are obtained

at 128 x 128. For this reason, this article only reports the experi-

ment with 128 x 128 image size.

The experiment scenario consists of three parts, include:

a. Test using SGDM optimization algorithm with learning rate
value 0f 0.001, 0.05, and 0.01.

b. Test using the RMSProp optimization algorithm with learning
rate value of 0.001, 0.05, and 0.01.

c. Test using Adam's optimization algorithm with learning rate
value 0f 0.001, 0.05, and 0.01.

The results of the first scenario are shown in Table 1. The table
explains the performance measures of accuracy, cross-entropy
loss, iterations and time (in seconds). The results show the best
accuracy up to 100% in learning rates of 0.001 and 0.05. Mini-
batch sizes 4 and 8. Time to computed the network between 17
and 24 seconds. While a cross-entropy loss is between 0.0017 and
0.0025.

The second scenario results are shown in table 2. The table shows
the best accuracy of up to 99.97% at a learning rate of 0.01. Mini-
batch size 4. The time computed the network is between 17 and 24
seconds. While a cross-entropy loss is between 5e-5 and 0.0132.
Table 3 is the result of the third scenario. The results show the best
accuracy up to 99.78% at the learning rate of 0.05. Minibatch size
8 and 16. For the last, the time needed for the network is between
17 and 25. A cross-entropy loss is between 4e-8 and 0.0023.
Furthermore, Table 4 presents the average accuracy, cross-entropy
loss and the time to computed the network. The average accuracy
for the SGDM, RMSProp and Adam algorithms is 98.8%,
92.09%. and 91.11%. The average cross-entropy loss is 0.0021,
0.0023, and 0.0006. while the average time to compute the net-
work is 20.6, 20.27, and 20.53 seconds. The scenarios are used
epoch 100. For minibatch size 16, 32, and 64, it is needs 100 itera-
tions. While for minibatch size 8 requires iterations up to 200.
Minibatch size 4 requires iterations up to 500.

Eventually, Table 5 shows the comparison of the accuracy of the
previous research with the accuracy in this article. The results
show that the ten layers of the CNN network can achieve good
accuracy above 90%.
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Table 1: The Result with SGDM Algorithm

Learning rate = 0.001 Learning rate = 0.05 Learning rate = 0.01

size EEiEn Accuracy Loss Time Acc. Loss Time Acc. Loss Time
64 100 92.74 0.0024 22 99.96 0.0022 21 99.96 0.0023 22
32 100 94.82 0.0024 20 99.96 0.0022 21 99.96 0.0023 21
16 100 95.82 0.0025 17 99.95 0.0025 17 99.95 0.0025 18
8 200 88.29 0.0025 19 100 0.0017 21 100 0.0023 20
4 500 99.79 0.0022 23 100 0.0004 23 100 0.0017 24
Table 2: The Result with RMSProp algorithm
Mb size  Tterations Learning rate = 0.001 ) Learning rate = 0.05 ) Learning rate = 0.01 '
Accuracy Loss Time Acc. Loss Time Acc. Loss Time
64 100 93.03 0.0002 21 95.1 0.0028 20 99.66 0.0006 20
32 100 89.74 0.0003 20 90.08 0.0007 20 92.85 0.0006 20
16 100 91.28 0.0003 17 96.41 0.0071 17 99.95 0.0007 17
8 200 82.09 0.0006 20 99.9 0.0067 20 98.04 6e-5 20
4 500 87.57 Se-5 24 65.98 0.132 24 99.97 0.0027 24
Table 3: The Result with Adam Algorithm
Mb size Iterations  Learning rate = 0.001 Learning rate = 0.05 Learning rate = 0.01
Accuracy  Loss Time Acc. Loss Time Acc. Loss Time

64 100 93.14 0.0002 21 98.93 0.001 20 91.5 0.0003 20

32 100 93.2 0.0002 20 99.71 0.0009 20 68.87 0.0002 20

16 100 91.29 0.0002 18 99.78 0.0009 17 94.96 0.0003 17

8 200 98.3 9e-6 22 99.78 0.0015 20 71.89 Se-7 20

4 500 97.41 4e-8 25 100 0.0007 24 68.3 2e-5 24

Table 4: Average Accuracy, Loss, and Time Processed
Algorithm Accuracy Loss Time (second)
SGDM 98.08 0.0021 20.6
RMSProp 92.09 0.0023 20.27
Adam 91.11 0.0006 20.53
Table 5: Performance Comparison Accuracy

Author Dataset Accuration
Melinscak et al. [14] DRIVE 94.66 %
Maji et al. [15] DRIVE 94.7 %
Maninis et al. [16] DRIVE 822 %
Liskowski et al. [17] DRIVE, STARE, CHASEDB 94.73 %, 93.49%, 95.38 %
Pratt et al. [18] DRIVE 80.27 %
Proposed method DRIVE 91.11 % - 98.08%

4. Conclusion

Semantic segmentation of vessels has been built. It is used CNN
architecture with ten layers. Variables that affect the level of accu-
racy and time consumed include optimization algorithm, learning
rate, and minibatch size.

For further research, CNN architecture can be modified. In addi-
tion, the development of gradient descent optimization algorithms
is needed to improve performance.
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