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Abstract
Diabetic Retinopathy (DR) is an eye disease that is the main cause of blindness in developed countries. Treatment
of DR and prevention of blindness depend heavily on reqular monitoring, early-stage diagnosis, and timely
treatment. Vision loss can be effectively prevented by the automated diagnostic system that assists ophthalmologists
who otherwise practice manual lesion detection processes which are tedious and time-consuming. Therefore, the
purpose of this research is to design a system that can detect the presence of DR and be able to classify it based on
its severity. In this proposed, the classification process is carried out based on image discovery by extracting GLCM
texture features from 454 retinal fundus images in the IDRiD database which are classified into 4 severity levels,
namely normal, mild NPDR, moderate NPDR, and severe NPDR. The features obtained from each image are used
as input for the classification process using SVM. As a result, the classification system that has been trained is able
to classify 4 levels of DR severity with an average accuracy of 89.55%, a sensitivity of 81.03%, and a specificity of
92.89%. Based on the results of the evaluation of the performance of this classification system, it can be concluded
that the specificity value is higher than the sensitivity value, this indicates that the system that has been trained has

a good ability to identify negative samples or those that indicate a class.
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INTRODUCTION

Diabetic Retinopathy (DR) is an eye disease that posits as the main cause of blindness in
developed countries [1] due to complications of diabetes mellitus (DM) [2]. The number of DM
patients is increasing every year. In 2017, DM patients in the world reached 425 million and it is
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estimated that in 2045 it will reach 629 million [3]. The increasing number of DM patients will
also be at risk of an increase in DR. Therefore, DM patients require regular retinal screening to
detect DR early and avoid the risk of blindness [4].

DR can be detected effectively with an automated diagnostic system that assists
ophthalmologists in practicing the tedious and time-consuming process of manual lesion
detection [5]. Computer-aided diagnosis (CAD) may hold the key to the problem. Computer-
aided screening systems have recently gained importance for increasing the feasibility of DR
screening, and several algorithms have been developed for the automated detection of lesions
such as exudates (EX), hemorrhages (HM), and microaneurysms (MA) [6].

Several previous works have reported the automatic detection of DR using several machine-
learning techniques. Some of these methods are the Support Vector Machine (SVM) method [7-
10], the K-Nearest Neighbor (KNN) method [7,11,12], the Random Forest (RF) method [7,13-16],
Decision Tree (DT) method [7,17], Artificial Neural Network (ANN) method [18,19], and
Probabilistic Neural Network (PNN) method [9].

However, in their article, Alyoubi [4], mentions that research on the classification of the
severity of DR s still very rare. In most of the studies, almost 73% only classify fundus images
using binary classifications such as DR or normal, while it was only found that only 27%
classified DR based on its severity. Meanwhile, proper identification of the severity of DR is very
important in selecting the appropriate treatment process and preventing retinal damage [8].

This article focuses on the development of a diabetic retinopathy severity classification
system that can detect the presence of DR as well as classify DR severity from 0 to 3. Therefore,
this study aims to develop a classification system by extracting and reviewing textural features
on retinal fundus images and conducting testing as well as evaluation of the performance of the
classification system. So, we get a system that can detect and classify the type of severity of
retinopathy automatically.

METHOD

The proposed system is implemented using Python 3.7.9 on a computer system equipped
with a dual-core 2.3 GHz AMD A4-9125 APU processor and 4GB RAM. The proposed method
in the DR severity assessment process is depicted in Figure 1. The proposed system consists of
three main stages, namely DR lesion segmentation, GLCM feature extraction, and DR severity
classification using SVM. Segmentation of DR lesions identified candidates for exudate,
haemorrhage, and microaneurysms. The second stage performs GLCM feature extraction to
determine the texture characteristics of the image. The third stage classifies the image into
different levels according to the guidelines provided by the ICDR standard.

Dataset

This study uses a dataset sourced from the Indian Diabetic Retinopathy Image Dataset
(IDRiD) repository obtained from the Eye Clinic located in Nanded, (M.S.), India. Images with
symptoms of NPDR severity consist of 454 fundus images [20]. The determination of the severity
of DR based on the International Clinical Diabetic Retinopathy (ICDR) is provided in Table 1.
Classification of the severity stage of DR was performed using system developed by
International Clinical Diabetic Retinopathy[21]. This information on determining the severity of
DR is very important for deciding on follow-up treatment [20].
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Table 1. Classification of the severity stage of DR was performed using system developed by
International Clinical Diabetic Retinopathy

Diabetic Retinopathy

Grade

0 Non-DR No abnormalities

Mild NPDR Microaneurysm only

Moderate NPDR More number of microaneurysms but less
than severe NPDR

3 Severe NPDR More that 20 intra-retinal

microaneurysms or haemorrhages
4 PDR Neovascularization

Severity Scale Description

N =

NPDR image from IDRID database

v

Pre-processing image |ﬁ

Microaneurysm segmentation }

Haemorrhage segmentation

v

k Feature Extraction using GLCM

!

Classification using SVM |

|

Evaluation Classification Model

{Exudate segmentastion

Figure 2. Framework of the proposed system

Segmentation

The segmentation process includes image preprocessing and selecting the Region of Interest
(ROI) area by removing the optic disc (OD) and fovea. Preprocessing in image segmentation is
to resize dimensions into smaller pixels. In addition, green channel conversion is performed on
each image because the green channel has the best background so it has an optimal information
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[22]. Here, the OD and fovea have similar intensity values to exudate and haemorrhage, so the
OD and fovea can be removed [9]. The OD and fovea are detected by applying the Hough
transformation circle equation [18] which is shown in Equation (1).
(x—x)?+ -y +r2=0 ey
The segmentation process is related to image processing. Some of the image processing
techniques applied in this article are contrast enhancement, noise filtering, and morphological
operations. The contrast enhancement process using the Contrast Limited Adaptive Histogram
Equalization (CLAHE) [23]. CLAHE can solve the problem of increasing contrast that is too over,
namely by giving the boundary value on the histogram. This limit value is called the clip limit
which states the maximum height of a histogram [24]. Equation (2) defines the way to calculate
the clip limit of a histogram.

B =21+ (Spax — 1) 2

The variable M is the region size, N is the gray intensity value (256), and « is the clip
boundary between 0 and 100 [24]. Median filtering is also used to remove noise from an image
[25]. An example of a kernel type is the 5x5 kernel shown in Equation (3).
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K:2—511111| 3)
11111
i 111 4

Morphological operations on an image are used to improve the shape of objects in order to
produce more accurate features [26]. The processes of morphological operations are opening,
closing, and top hat operations. The opening operation erodes an image and then dilates the
eroded image, using the same structuring element for both operations, the opening process is
shown in Equation (4) [27]. The closing operation dilates an image and then erodes the eroded
image, the closing process is shown in Equation (5) [28]. While the top hat operation is the
difference between the original input image and the opening, the top hat process is shown in
Equation (6) [29].

A*B=(A®B)OB 4)
AoB=(A©B)®B ©®)
That = A— (A *B) (6)

Feature Extraction

Gray level co-occurrence matrix (GLCM) represents the relationship between two
neighboring pixels that have gray intensity, distance, and angle. GLCM with size N; X N, is
defined as P(i, j|6a) [30]. The (i, j) element of this matrix shows the combination of levels i
and j that occur or appear in two image pixels [31]. The feature value is calculated from the
average of the GLCM matrix for each corner. Some features extracted with GLCM [30] :

Contrast = 3,°, %%, p(i, )i — /)2 7)

Entropy = %%, %%, Inp(i, )p (i, ) ®)

Homogeneity = Z?’:‘I’l 2751 % )
where p(i,j) is a normalized co-occurrence matrix %
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Classification
SVM works by separating hyperplanes using labeled training data and categorizing test data
optimally [32]. So, the hyperplane can be represented as a set of points that satisfy Equation (10).
wW-X—b=0 (10)
where w is the normal to the hyperplane and b is the position of the plane to the center of the
coordinates. The hyperplane representation for the multi-class classification problem is shown
in Figure 2. SVM hyperplane that separates data between classes.
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Figure 2. SVM hyperplane that separates data between classes

For multi-class DR classification problems, hypertuning parameters is employed to find the
best parameters in order to achieve better accuracy for non-linear classification. Parameter
optimization to avoid misclassification and gamma determines the effect of each example in the
classification process [33]. The cost function for SVM classification is expressed by Equation (11).

mint(w) = 2wl + C T, & (1)

where ¢; isaslack variable or also known as a soft margin hyperplane, the symbol C indicates
the level of penalty (cost) for errors. The penalty rate C will affect the slack variable &; [32].
SVM classification depends on kernel selection because there are different SVM kernels such as
linear, polynomial, and radial basis functions (RBF) [34].

Matrix Performance

Evaluating classification performance is important to find out how well the classification
performs using numerical metrics such as accuracy, sensitivity, and specificity [35].
Classification accuracy is calculated from the values of True Positive (TP), False Positive (FP),
True Negative (TN), and False Negative (FN). TP is positive data that is predicted to be correct.
TN is negative data that is predicted to be correct. FP is negative data but is predicted as positive
data. Meanwhile, FN is positive data but is predicted as negative data. So that based on the
values of TN, FP, FN, and TP, the accuracy, sensitivity, and specificity values can be obtained as
calculated in Equation (12-14) [6].

TP+TN

Accuracy = —
y TP+FP+FN+TN

(12)

Sensitivity = (13)

TP+FN
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TN
FP+TN

Specificity = (14)

RESULTS AND DISCUSSION

The images were segmented to see candidate lesions of MA, EX, and HM combined after
the identification of pathology to classify images based on the severity of DR. GLCM features
were extracted for lesion candidates at grade 1, grade 2, grade 3, and non-lesional candidates
for grade 0. The extracted features were used for the classification system learning process.
Furthermore, the performance of the proposed classification system is analyzed in a confusion
matrix to see whether or not the system is doing the classification correctly.

Feature Extraction Result

A total of 13 features have been extracted which include ASM, contrast, correlation, variance,
IDM, sum average, sum, variance, sum entropy, entropy, difference variance, difference entropy,
IMC1, and IMC2 [34]. Therefore, textural directionality is a basic feature of the image and plays
an important role in image descriptions, which can be used to describe image textures [13]. Table
2 provides an overview of several feature values that have been extracted from the GLCM
feature class on each different label. The image storage location and image label are used as
input in this process. The results of feature extraction are stored in a batch of image datasets in
CSV format which are then used as inputs for the classifier process.

Table 2. Image feature extraction results with the GLCM method
Feature image Grade 0 Grade 1 Grade 2 Grade 3

ASM 1 0.995179  0.994725 0.956563
0 10.998438 17.186797 137.8993
1 0.6231319  0.825809 0.883188
0 1458897  43.34444 590.3374
1 0.998357  0.998332 0.987032
0 0.130003 0.3941846 4.732333
Sum variance 0 47.35747  180.19096 2223.4503
Sum entropy 0 0.033852 0.0365439 0.239886
0
0
0
0
0

Contrast
Correlation
Variance
IDM

Sum average

0.0375971 0.0405125 0.270834
0.0038743 0.0038739 0.003599
0.0288254  0.028272 0.1704525
-0.351075 -0.453534 -0.476715
0.123289  0.151599 0.390812

Entropy
Difference variance
Difference entropy

IMC1
IMC2

Training and Testing the Classification Model

A feature set of 13 GLCM features is used as input for DR severity classification [36]. After
feature extraction, all features of the image will be randomly divided into training, validation,
and test sets [37] with a composition of 60%: 20%: 20% respectively by considering 272 images
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for the training set, 91 images for the validation set, and 91 images for the test set.

The training set will be used to train the model so that the model can see and learn from this
data. The validation set is used to select a set of hyperparameters so that machine learning
performance can be optimized [37]. In this study, hyperparameter tuning was performed using
the GridsearchCV method on the Scikit-Learn module in Python. GridsearchCV works by trying
to train every combination of parameters from the hyperparameter space in the learning
algorithm so that the SVM parameter tuning results are ready for the data training process [38].

Table 3. Parameter optimization validation results on SVM

SVM parameters Best parameters Accuracy
’kernel’: [’rbf”, *linear’], "kernel’: linear’
’C’: [30, 50, 100,1000], C”: 30 93.01%
’gamma’: [’scale’, ’auto’, 1, 0.1, 0.01,0.001] gamma’: ’scale’

Table 3 is the result of the validation of the parameter optimization performed on the SVM.
Combinations of models and hyperparameters will be selected and tested one by one to check
which combinations have good performance results. The best parameter combination is the
linear kernel, with a cost value of 30, and the gamma scale. So that this parameter has a good
performance in differentiating the severity label [39].

From the average optimization performance, this parameter has a good performance in
differentiating severity labels. Furthermore, the system with each of these best parameters is
used for testing the classification system. So, it will be given a number of test dataset features
from the testing set to test its predictive ability on new data. This testing data set should never
be seen by the previous model. Table 4 shows the results of the classification performance of the
three types of sub datasets.

The training set is used to build the model using the extracted texture features [40]. In a
training set, the accuracy is 96.7%. This value is good enough and the system can learn well from
the data. Furthermore, a validation set is carried out to test the existing model. This aims to get
feedback from the input, process, and output used [41]. Meanwhile, set testing is carried out to
apply the alert model to make new data predictions [42]. Set testing also obtained very good
accuracy, which was 89.55%. This means that the system can predict well from the given test
dataset.

Table 4. The results of the classification performance of the three types sub datasets

Sub datasets Accuracy
Set training 96.7%
Set validation 95.05%
Set testing 89.55%

Performance Evaluation for Classification Model

The results of the performance evaluation for the classification model using SVM are shown
in Figure 3. Classification is carried out at four grades, namely level 0 as a normal image, and
grades 1,2, and 3 as images with NPDR symptoms. Based on the confusion matrix in Figure 3.
Evaluation of classification performance using SVM, in predicting levels 0 and 1, the system
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successfully predicts all training data correctly.

Grades 2 and 3 have less than optimal results. Grade 2 is sometimes predicted by the system
as grade 1. Grade 3 is also sometimes predicted as grade 2. This is reasonable because based on
the determination of severity by ICDR, grades 2 and 3 have the same lesion state, namely the
presence of exudate and haemorrhage, and the difference is the number of lesions. While grade
3 also has other characteristics, namely the presence of Intraretinal Microvascular Abnormalities
(IRMA) which is not present in grade 2, this IRMA was not detected in the research process.
This means that grade 2 has the possibility of being predicted as grade 3 because the weakness

of this grade 3 IRMA is not detected.
Confusion Matrix Model SVM
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Figure 3. Evaluation of classification performance using SVM

In addition, the classification system has the accuracy, sensitivity, and specificity shown in
Table 5. The results show a higher specificity than sensitivity. Both of these systems mean that
they have a better ability to identify negative samples or those that do not indicate a class [43].

Table 5. Evaluation of classification performance

_ Rate on severity Average
Matrix
1 2 3
P 35 2 25 10 -
TN 50 83 47 68 -
FP 0 6 13 0 -
FN 0 0 6 13 -

Accuracy 100% 93.4% 79.12% 85.71%  89.55%
Sensitivity 100%  100%  80.64% 43.48%  81.03%
Specificity 100% 93.26% 78.33%  100% 92.89%

A comparative analysis of the classification system for the assessment of DR severity with
4 severity levels is shown in Table 6. The results of the comparative study show that our system
provides an average accuracy of 89.55% using the SVM classifier. The comparison shows that
the proposed method has a better performance in terms of accuracy than the previous studies
provided.

Table 6. Comparison table for DR severity grading DR images

Accuracy (%)
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Roychowdhury et al. [6] 78.12
Seoud et al. [44] 74.10
Bhardwaj et al. [5] 91.90
This research 89.55

Based on the results and discussion, this study has several limitations, namely levels 2 and
3 have less than optimal results. This is reasonable because based on determining the level of
severity with ICDR, grades 2 and 3 have the same lesion state and the difference is the number
of lesions. While level 3 also has other characteristics, namely the presence of Intraretinal
Microvascular Abnormalities (IRMA) which are not present at level 2, this IRMA was not
detected in the research process. For further research, the authors suggest that researchers get
IRMA detection procedures to obtain optimal classification results.

The results of this study are expected to be of benefit which theoretically can be used as a
reference regarding a classification system for the severity of diabetic retinopathy by utilizing
information from texture features extracted from an image so as to produce a system that can
detect the presence of a disease automatically. Practically it can also be used as an option for a
new approach to determine the severity of diabetic retinopathy as an initial clinical stage for
ophthalmologists and physicians.

CONCLUSION

Based on the results obtained from this study, it is concluded that the use of GLCM texture
extraction features can be used as input to the classification system. The classification system
has been able to classify the severity level from level 0 to 3. Testing and evaluation of the
classification system are also carried out using the lightness matrix to predict the severity of
diabetic retinopathy by the classification system that has made it possible. The development of
the proposed method can be extended further by focusing on the treatment of
neovascularization and bleeding vascular problems that cause proliferative DR which can lead
to acute blindness.
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