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Abstract. Diabetic Retinopathy is damage to the retina caused by complications
of diabetes mellitus. Exudates are the primary sign of Diabetic Retinopathy iden-
tified on the opthalmoscope as white or yellowish areas with varying sizes, shapes
and locations in the retina. Early detection can potentially reduce the risk of blind-
ness. Diabetic retinopathy diagnosis for early-stage detection used a manual or
semi-automated system that only an ophthalmologist can do it. This project pro-
posed an automatic analysis of diabetic retinopathy and lesion of the eye in the
retinal region using image processing techniques. The proposed technique is using
thresholding technique. The data is taken from the DIRECTDB1 database. Pre-
processing is applied first and then the image is segmented into 8 x 8 regions.
An image histogram is then been calculated at each region to look for the maxi-
mum number of pixels for each intensity level. By comparing normal and exudate
regions, the best threshold is found. The proposed technique is validated based
on the accuracy, specificity, and sensitivity of exudate detection from the ground
truth image reference. The mean from the range of the abnormal region of interest
(ROI) is also calculated whether it is within range of the optimal value. In con-
clusion, adaptive thresholding is the method of choice to develop an automated
detection of diabetic retinopathy. The result shows an accuracy of 65.79%, sensi-
tivity is 31.58%, and specificity is 100%. The best segmentation and classification
performance is achieved in the range of abnormal region ROI which is 0.35 to
0.55.

Keywords: Diabetic retinopathy · segmentation · thresholding · retina fundus
image

1 Introduction

The defects in insulin secretion, insulin action or both causing hyperglycemia are the
characteristic of themetabolic disease diabetes [1]. Diabeteswith chronic hyperglycemia
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is associated with long-term damage, failure and dysfunction of different organs likely
the eyes, kidneys, nerves, heart and blood vessels [2]. The majority of cases of diabetes
fall into two categories of etiopathogenetic which are type I and type II [3]. The insulin
secretion absolute deficiency is the leading cause of category type 1 diabetes. Diabetes
type 2 is one of the most terrible chronic diseases caused by defects in pancreatic insulin
secretion [4].

Approximately 537 million people have diabetes in the year 2021, and this case is
expected to reach 643million by 2030, and 783million by 2045 [5]. Long-term suffering
from diabetes can cause blood in veins to break onto the retina prompting vision loss
and even visual deficiency. Diabetic related eye illness such as diabetic retinopathy and
diabetic moculopathy has been known visual misfortune [6]. Diabetic retinopathy is a
continual disease in the retinawhich leads to permanent vision loss or blindness. Diabetic
retinopathy will lead to 1% of blindness in the world and can be prevented and curable
by early detection [7].

Due to retinal abnormalities are widespread and their implications being substantial,
fundus imaging plays a significant role in diabetes monitoring [8]. Fundus imaging, on
the other hand, is a potential for non-invasive screening since the eye fundus is sensitive
to vascular disorders. The success of this sort of screening relies on precise fundus picture
collection, as well as the accuracy and reliability of the image processing methods for
detecting abnormalities [9].Many research groups have presented various algorithms for
fundus image analysis. However, because there is no widely approved and representative
fundus image database or evaluation process, it is not possible to assess the reliability
and accuracy of the methodologies.

In local adaptive technique, a threshold is calculated for each pixel, based on some
local statistics such as range, variance, or surface-fitting parameters of the neighbourhood
pixels. It can be approached in different ways such as background subtraction [10]
water flow model [11], mean and standard deviation of pixel values [12], and local
image contrast [13]. Some draw backs of the local thresholding techniques are region
size dependent, individual image characteristics, and time consuming. Therefore, some
researchers use a hybrid approach that applies both global and local thresholdingmethod
[14] and some use morphological operators [15].

2 Methods

Figure 1 shows the project flow for the whole analysis. The methodology mainly divided
into five parts which are image data, pre-processing image, segmentation process, and
feature extraction and performance verification.

2.1 Database

The fundus images are collected publicly on the DIRECTDB1 website database con-
sisting of 89 color fundus images of which 84 images are in the category of at least
mild non-proliferative signs of diabetic retinopathy with various characteristics [16].
The image resolution is 1500 × 1520 pixels and in a PNG file. Figure 2 shows normal
fundus images and does not contain any signs of diabetic retinopathy based on all experts
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Fig. 1.

Fig. 2. Examples of DIRECTDB1 fundus images [16]: (a) normal fundus, (b) abnormal fundus,
and (c) abnormal fundus after treatment by photocoagulation.

who participated in the evaluation. From the DIRECTDB1 website, the fundus images
were taken in the Kuopio University Hospital. It has clarified that the picture quality of
all the images is enough for medical research, the image of the patient is not replicated
and a feasible commixture of ethnicity and disease stratification is repressed.

2.2 Pre-processing Stage

Figure 3 shows one of the image samples with mild proliferative diabetic retinopathy at
the pre-processing stage from the RGB image (original image from the fundus camera.
The R represents red with an 8-bit unsigned integer, G represents green with an 8-bit
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Fig. 3. The original image with green channel from fundus images

Fig. 4. The images convert to gray level with 8 bits unsigned integers (0–255).

Fig. 5. The histogram based on the gray level image with an integer between 0–255.

unsigned integer andB represents bluewith an 8-bit unsigned integer [1]. The green plane
image generally acquires more information whereas the red acquires more brightness
and has poor contrast and the blue plane image shows a darker area [1]. The fundus
images are then been converted to the gray level values from 8-bit unsigned integer (0–
255) as shown in Fig. 4. The ‘0’ in pixels value with an 8-bit unsigned integer represents
the black color and the ‘255’ represents the white color.

Then the image normalized to floating point value (0 to 1) as shown in Fig. 5 with
the histogram floating point value of 0 to 1. The gray level image with 8-bit unsigned
integer (0–255) was applied contrast normalization so that the image with 256 pixels
intensity value changes the range of pixel to floating point value 0 to 1. The background
needs to be removed since it has the largest number of low pixels.

2.3 Segmentation Stage

In the segmentation stage, adaptive thresholding segmentationwas applied in segmenting
the exudate of the retina. The image is first divided into 8× 8macro-block regions, where
256 × 256 pixels are separated to 16 × 16 pixels in size in each region as shown in
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Fig. 6. 16 × 16 pixels per micro-block region

Fig. 7. The histogram distribution of each region

Fig. 6. The exudate area is indicated by the red circle in regions 19, 35 and 45. Figure 7
shows the histogram that has been calculated for each region.

The maximum number of pixels at each intensity level will be obtained from the
histogram plot as shown in Fig. 8 and can be calculated using Eq. (1).

Pmax(i) = Max(P(Ri : Rm, i)) (1)

where P(i) is the intensity at level I, and R1 to Rm are the number of pixels in i4th

macro-block region.
The range of abnormal region of interest (ROI) is calculated based on Eq. (2).

I(x, y)hyperintense =
{
1 for I(x.y) ≥ T
0 elsewhere

(2)

Figure 9 shows the overlap graph of the abnormal region and normal region. The
green graph is a normal region and red graph is an abnormal region. From this graph,
the mean range from the ROI histogram is between 0.35 to 0.55.
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Fig. 8. The maximum block histogram.

Fig. 9. The range of abnormal ROI.

2.4 Performance Assessment Matrices

The most important evaluation measures for medical diagnosis methods are sensitivity,
specificity and accuracy. As suggested in Eq. (2), sensitivity is the proportion of the
true positive that is correctly identified by the diagnosis test which in this project is the
exudate ground truth. It demonstrates how accurate the test is at detecting disease. The
fraction of true negatives found by diagnosis is referred to as specificity in this project
segmentation. Its purpose is to demonstrate how accurate the test is in detecting normal
(negative) conditions. The proportion of true outcomes in a population, whether true
positive or true negative, is known as accuracy. It assesses the accuracy of a diagnostic
test on a given condition [17]. The higher the percentage of sensitivity, it less likely the
diagnostic test returns to false-positive result. The percentage of specificity refers to the
probability of test diagnosing a lesion in the retina without giving false-positive results.
The percentage of accuracy represents the proportion of true positive results which are
true positive and true negative in the selected population [2].
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The segmentation results obtained from the proposed method are compared with the
ground truth reference based on the DIRECTDB1 database, drawn by an ophthalmol-
ogist. In this analysis, the result of classification was compared with the ground truth
whether it has the exudate or not. Accuracy, sensitivity and specificity of the correct
classification are evaluated using Eqs. (3), (4) and (5).

Sensitivity(SN ) = TP
TP + FN

(3)

Specificity(SP) = TN
TN + FP

(4)

Accuracy(AC) = TN + TP
TN + TP + FN + FP

(5)

where;
TP is the number of abnormal fundus images found as abnormal.
TN is the number of normal fundus images.
FP is the number of normal fundus images found as abnormal (false positive).
FN is the number of abnormal fundus images found as normal (false negatives).

3 Results

Two evaluation principles were selected which are 1) the evaluation of mean optimal
thresholding and 2) the accuracy, specificity and sensitivity. The first principle is justified
by themeanof the abnormal region in the regionof interest (ROI)within the optimal value
of thresholding. The second principle is due to the practical fact that most researchers
concentrate only on one or several finding types. The samples of 89 fundus images
from the DIRECTDB1 database were collected. The images are pre-processed first to
produce clearer images than the original images. The pre-processed fundus image is
then segmented using the adaptive thresholding technique.

For the mean optimal thresholding method, the mean result of the optimal threshold-
ing technique for all images based on the histogram varies in the range of 0.35 to 0.55
(Fig. 10).

As for the second method, Table 1 shows confusion matric that helps to obtain
accuracy, sensitivity and specificity. TP, FN, FP and TN are calculated based on the 38
normal images and 51 abnormal images.

From the result obtained, performance verification has been achieved, where the
accuracy obtained is 65.79%, sensitivity is 31.58%, and specificity is 100%. The overall
performance can be improved using the recent segmentation techniques such as Fuzzy
c-means, region growing, k-means, watershed, etc. [18].
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Fig. 10. Example of the exudate detection from the proposed segmentation: a) The original image
b) The image segmentation for Image15

Table 1. The Confusion Matrix

Description Ground truth Exudate from the Database

Segmentation of retina TP = 0.3158 FP = 0

FN = 0.6842 TN = 1

4 Conclusions

As a conclusion, diabetic retinopathy is retinopathy (damage to the retina) caused by
complications of diabetes mellitus. It can eventually lead to blindness. It is an ocular
manifestation of systemic disease that affects up to 80% of all patients who have had
diabetes for 10 years or more. There are several stages of diabetic retinopathy. The
development of many medical screening methods has led to more development in seg-
mentation methods for automatic detections. As the manual lesion segmentation method
is time consume and focus only on expert in ophthalmology. Therefore, this project is
an automated segmentation classification of diabetic retinopathy characteristics based
on retina fundus images.

Adaptive thresholding is the method of choice to develop an automated in detecting
diabetic retinopathy. The performance of the segmentation technique is evaluated and
discussed based on the accuracy is 65.79%, sensitivity is 31.58%, and specificity is
100%. The best segmentation and classification performance is achieved in the range of
abnormal region ROI which is 0.35 to 0.55. The image segmentation can be improved
to adapt to different intensities and contrast.
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