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ABSTRACT

Diabetic retinopathy is not typically perceivable in diabetic patients at the initial stage. Their first 
signs, like micro-aneurysms, often go unnoticed in preliminary testing by specialists. Additionally, 
its presence is difficult to detect as there are other pathologies that may also lead to induce similar 
signs and symptoms. Until the detection of the presence of exudates, a specialist cannot simply deduce 
the presence of diabetic retinopathy. This paper presents a method to assist in the identification and 
differentiation of exudates on colour retinal images based on a variety of k-nearest neighbour filters. 
The proposed method proved to be a rational approach to detect bright lesions with sufficient certainty, 
yielding a possible injury with a specificity of 99%.
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1. Introduction

Retinography, one of the most used non-invasive medical techniques in the analysis of the human 
visual system, refers to the clinical procedures used by highly qualified specialists to capture images 
that are further trained for the analysis, screening and diagnosis of specific visual diseases. The goal 
of a diabetes screening program is to detect and diagnose diseases before they cause vision loss. The 
mass screening program utilizes computer fundus images of the retina with or without mydriasis 
(dilated pupil) to diagnose eye diseases. Automatic retinal analysis can improve the performance of 
a detection program over manual imaging.

Diabetes Retinopathy (DR) is a retinal disease caused by the long standing diabetes mellitus (DM) 
(Niemeijer, et al., 2009; Junior, et al., 2013; Rahim, et al., 2016;). DR is the leading cause of blindness 
in people between the ages of 20 and 60. The likelihood of developing DR is 78% if the patient is over 
30 years of age and has had diabetes for more than 15 years (Junior, et al., 2013; Marin et al., 2015). 
As a result of DR, the surface of the retina is severely damaged. Cotton wools, microaneurysms, 
exudates and haemorrhages are the primary lesions indicating the presence of DR. Microaneurysms 
(MAs) are lesions that appear at an early stage of the disease, and the number of MAs increases with 
the progression of the disease (Adal, et al., 2014; Rahim, et al., 2014). Haemorrhages are likely an 
injury that occurs after MAs. When the vascular tree of retina leaks blood, it forms haemorrhages 
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(Jitpakdee, et al., 2012; Inbarathi & Karthikeyan, 2014). Thus, the diagnosis of haemorrhages and 
MAs is an essential part of the automatic diagnosis of retinal diseases at an early stage (Fleming, et al., 
2006; Bae, et al., 2011; Rahim et al., 2016). At a later stage, a yellowish-white plasma begins to flow 
from the blood vessels, which is called hard exudates (Walter et al., 2002). Along with the exudates, 
a cotton wool appeared - a silver stain caused by the leakage of fat from the vessels. Haemorrhages, 
MAs, and exudates are features of non-proliferative diabetic retinopathy (NDPR) which is an early 
stage of DR. An advanced stage of DR, referred to as proliferative diabetic retinopathy (PDR) (Shah 
& Han, 2004; Danis & Davis, 2008), can have the main blood vessels of the retina entirely blocked. 
To supply the oxygen, new blood vessels develop, called abnormal blood vessels (DRSRG, 1981; 
Welikala, et al., 2014). The patient’s vision has a significant impact in PDR. The main problem with 
DR is its asymptomatic nature as it does not affect vision until it reaches a higher level. DR can affect 
one or both eyes at the same time.

Fundus color images of the retina include various structures such as blood vessels, optic disc, 
fovea and red lesions such as haemorrhages and MAs. Haemorrhages and MAs comes under dark 
lesions, while cotton wools and exudates are deliberated as bright lesions. To diagnose fundus imaging 
lesions, the retinal morphological structure must be removed. Mathematical morphology is utilized to 
find the location of fovea, vascular trees, and optic disc segmentation (Dougherty & Lotufo, 2003).

In this paper, a method to assist in the identification and differentiation of exudates on colour 
retinal images based on a variety of k-NN filters is presented. First, we offer a state-of-the-art review on 
DR detection. Then, the proposed novel method is presented; following this, details on the evaluation 
performed for the comparable techniques are highlighted. Finally, we close the discussion with key 
insights on practical implications, limitations and other concluding remarks.

2. State-Of-The-Art Review

The automatic detection of eye diseases based on the formation of the fundus is now a vital topic for 
scientists. The automatic detection of glaucoma and DR have captured the attention of key researchers 
working in the fields of medical imaging. Various systems and algorithms have soon appeared for DR 
analysis over the past two decades. In the past, several methods have been proposed for processing 
retinal images. For example, Rasta, et al. (2015) and Yadav, et al. (2016) have compared between 
contrast enhancements and illumination correction techniques.

More specifically, we review herein the literature on various algorithms for automatic DR detection 
from fundus images. Welfer, et al. (2010) proposed a method for rescuing the optic nerve from eye 
color formation in mathematical morphology. In their article, the analysis of an optic disc is divided 
into two parts; the first partition finds points on the disk, and the second part finds the boundaries 
of the disk. They used the main pixel of the blood vessels close to the center of the disk as an “inner 
label” and a circle of different diameters centered on the disk as the “outer label”.

Parvati, et al. (2008) presented a watershed transform based medical image segmentation. Initially, 
a morphological gradient is applied to the grayscale image to show the roughness of the edges of each 
pixel, which in turn generate internal and external signals with regional peaks. This tag is placed on the 
original image and then applied to the watershed transformation for segmentation. A common issue in 
watershed transformation is excessive segmentation, which arises from quantization and noise errors.

Rahim, et al. (2016) recommended automatic diagnosis of the microscopic pathogenesis of DR. 
They explore various pre-processing, feature extraction, and classification approaches. The first 
phase uses discrete wavelet transform (DWT), histogram equalization, filtering and morphological 
operations for pre-processing. The feature extraction of DR contains pixel area, mean and standard 
deviation. The second phase uses segmentation of vessel, color correction and morphological 
operations to achieve the pre-processing. They used radial basis function, support vector machine 
(SVM), k-nearest neighbour (kNN) and decision tree (DT) classifier. The third phase consists of only 
two steps: pre-processing and detection of MA. Pre-processing is achieved by histogram equalization 
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and RGB to grey conversion. Circular Hough Transform (CHT) has been proposed to detect MA due 
to its circular shape. The fourth phase also has two steps. The first stage uses a combination of pre-
processing methods; RGB to grey conversion and contrast limited adaptive histogram equalization 
(CLAHE) while the fuzzy based histogram equalization and grey scale are utilized in the second 
stage. Detection of MA is done by using CHT.

Sahlsten, et al. (2019) developed a deep learning system to more accurately define DR than 
existing studies. The analysis was carried out on a small part of the image with a higher resolution. 
Their results highlight the ability of deep learning models to diagnose diseases at desired performance 
levels while accommodating cost constraints. Krause, et al. (2018) applied a solution for quantifying 
errors in DR, which focused on the classification of diseases via a deep learning algorithm. Kappa 
values were measured and model performance compared based on sensitivity, accuracy and area 
under the curve (AUC). In another study, Li, et al. (2017) applied a data-driven deep learning model 
for DR detection, in which fundus disease images (Lahmiri, et al., 2017) were processed and the 
classification model aided in separating the healthy images from the disease images.

In (Gulshan, et al., 2016), a deep learning model was developed to detect DR and macular edema 
from fundus images of the retina. A deep convolutional neural network (CNN) was used to generate 
a retinal image dataset of 128,175 images (Castellano, et al., 2020). The sensitivity and specificity 
metrics of this study allowed for the identification of treatable DR in diabetic patients via deep neural 
tissue models. Research by (Swapna, et al., 2018) used a deep learning model for classifying diabetes 
via heart rate variability (HRV) data. Dynamic characteristics associated with HRV data were extracted 
via a combination of long-term memory (LTM) and CNNs. The model results provide remarkable 
accuracy in detecting diabetes based on HRV data.

Most recently, Hemanth, et al. (2020) employed a hybrid technique that combines image 
processing and deep learning to detect and classify DR. The model was validated via the 400-image 
retinal fundus dataset from the MESSIDOR database with good results. Previously, Lunscher, et al. 
(2017) had developed a computerized sensory system to help analyse fundus images under different 
lighting and views. Basically, their research adopted the artificial neural network model incorporating 
an AdaBoost classifier for feature extraction with the data being analysed via a mixed Gaussian, SVM 
and kNN model to classify cases of non-retinopathic lesions.

In Reddy & Khare (2017; 2018), an algorithm for the classification of diabetes based on 
Firefly-BAT (FFBAT) optimization was developed. The unique contribution of this work is the use 
of the locality preserving projection (LPP) algorithm via fuzzy rules for feature extraction and the 
FFBAT-ANN model for classification. This combination results in better classification results, which 
increases the accuracy of the results. Several studies have also used probabilistic neural networks 
(PNNs), Bayesian classification, and SVM to classify nonproliferative (NPDR) and nonproliferative 
and proliferative (PDR) types of diabetic retinopathy. Haemorrhages images (Lahmiri, 2017) from a 
blood vessel were analysed using imaging techniques, and the features extracted from the classifier 
allowed the type of DR disease to be classified (Shen, et al., 2016; Kanungo, et al., 2017; Shanthi 
& Sabeenian, 2019).

Altogether, the connected research indicated that much of the work on identifying DR revolves 
around using different machine learning (ML) models vis-à-vis their comparative effectiveness. 
Unfortunately, little emphasis has been given to improving the quality of the DR Dataset, which 
may provide more accurate results. Importantly, the reliability of the results obtained via ML models 
depends on the characteristics of the dataset. Extracting the most significant characteristics from 
the dataset and using appropriate downsizing techniques can therefore help improve the predictive 
accuracy of ML models.
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3. Proposed Method

As shown in Figure 1, the process by which an estimated diagnosis is generated is based on the 
analysis of different aspects of the images or retinographies. Given an image, to ensure that its high 
level targets do not interfere in later stages, the first step is to perform pre-processing operations, 
such as the enhancement of the contrast and the elimination of the area of the optical disc. Any lesion 
in the group of exudates is classified as a “bright lesion.” Accordingly, a stage of detection of the 
bright areas should be applied; however, pixels with a high gloss index do not necessarily indicate 
an injury. To correctly determine these, a couple of stages of generation and purification of probable 
injuries are applied. Based on the purified maps, the classification stage is carried out by modifying 
the kNN grouping technique. Below, each of the characteristics of the different stages is described.

3.1 Selection of Retinographies
Kälviäinen (2007) provided the free fundus image repository called DIARETDB1 (Diabetic retinopathy 
database and evaluation protocol), which encompassed the basis for testing the method. The image 
bank contains 89 retinographies; 84 of these contain at least signs of non-proliferative DR and the 
remaining 5 are from healthy patients based on conclusions made in consensus by three specialists. 
These images were taken at the University Hospital of Kuopio, in Finland. Likewise, they were 
selected by expert physicians with their distribution corresponding to a typical population, that is, 
the data are partial and there is no a priori information that can be deduced from them. These images 
were acquired with the same field of vision, at 50°.

The data correspond to a practical situation, in which the images are comparable and can be used 
to evaluate the general performance of the proposed method. A total of 20 repository images were 
randomly selected. More specifically, 2% of the pixels of the said images were randomly selected 
and used to generate the training set of a first pixel classifier. A duplication of points was avoided, 

Figure 1. Flow of proposed lesion detection
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as well as the treatment of the pixels that were within the area of interest. The “area of interest” is 
understood as that area that excludes the shadow of the image and the optical disc.

A different group, constituted by 20 images randomly, was selected. These images were used to 
generate the training set of two additional classifiers, which differed as they assigned the values of 
belonging to hard exudates and to soft exudates. A total of 274 hard exudates and 131 soft exudates 
were part of these training sets respectively.

Algorithm 1 - Pre-processing for Contrast and Luminosity Normalization of retinal image 
(Foracchia, et al. 2005)

Require: The image Iwithsizeofm n× .

1: Initialize the matrix Bn m×  with zeros.
2: for x y In m,� �� �  do Determination of Background pixels

3: N x y,� �  ¬ Neighborhood centered on (x, y)

4: �N mean N x y� � ��� ��,

5: � N Var N x y� � ��� ��,

6. d
I x y

M
N

N

�
� ��, �
�

 Mahalanomis Distance

7.if dM ��  then
8. 	 B x y,� � �1  Pixels from the background image

9: Initialize the matrix Io In m×
0  with zeros.

10: for x y In m,� � �  do Normalization of the pixels of the Image

11: if B x y,� � �1  then

12: N x y x y N x y suchthatB x yB , , , ,� �� � �� � � � � ��� �1
13: L mean N x yB� � ��� ��,

14: C Var N x yB� � ��� ��,

15. I x y
I x y L

C
0
,

,� � � � � �
 Normalize the pixel

16: return I 0 . Normalized Image

3.2 Retinal Mask and Blood Vessel Extraction
Matched Filter
The Matched Filter is a colour bank specially designed for the detection of blood vessels in retinal 
images. Take into account that the “gray” levels of the transverse section of the blood vessels are 
similar to the Gaussian function:

K x y exp x
,� � � � � 2

2
2�

with 
L y L
2 2
≤ ≤ 	 (1)
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Where L  represents the size of the vessels along the yaxis , and σ is the deviation standard 
of the Gaussian.

This kernel is oriented along the y axis. For more details see Kaba, et al. (2013) and Singh & 
Srivastava (2016). The detection of blood vessels will be done by rotating the blood vessels kernel 

in 180 directions within the range ��
��

�
��

� �
2 2
, . This gives a detection probability of the blood vessels 

in the different orientations. In this way, the Kernel of the Matched Filter may be expressed as follows:
For the segmentation stage, two thresholds may be computed. The first one will be very restrictive 

(retinal mask) and will only let the pixels pass with very high intensity, which according to the result 
of the Matched filter, will have a very high probability of belonging to the blood vessels. The second 
one, being less restrictive and letting more pixels pass inside, some of which may not belong to the 
vessels.

These thresholds may be computed by dividing the histograms and just bypassing a certain 
percentage of the pixels with high intensity. For the first threshold, we will leave pass 3% of pixels 
with higher intensity, while for the second threshold we will let pass up to 7% of pixels with greater 
intensity. The results of the thresholds will be used as seed for the stage of growth of the regions. 
The growth of regions comprises grouping pixels according to their connectivity and if they meet 
certain specific property. Typically, you will start with some seed pixels and begin to add those 
neighbouring ones that would comply with the specific property. Therefore, using the two previous 
segmentations as seed and agreement if they are 8-connected, the first segmentation will grow little 
by little, according to the second segmentation, until forming the blood vessels.

3.3. Optical disk Detection and Removal

Estimation of Luminosity and Contrast drifts: Let us assume a set of background pixels B, ,
^

L x y� �  

and C x y
^

,� �  resulting for a single pixel:

I x y L x y x y x y
enhance

, ~ , , , , ,� � � � � � � ��N C B 	 (2)

The estimation of these background pixels is derived by using the background component of the 
test image. An approximation of the test image is recovered such that:

I x y
I x y L x y

C x y
enhance

0
,

, ,

,

^

^
� � �

� � � � �
� �

	 (3)

While having the first possibility (C and L are constant in N neighbourhood), the pixel intensity 

for N is autonomous. Accordingly, the estimation of standard deviation and mean value gives C x y
^

,� �  

and L x y
^

,� � . This method needs to adapt to the similar calculation issues specified in the last 
paragraph. Besides, we are currently managing an inadequate set of pixels. Those which extract the 
use of filtering would be more problematic.

A square-preparing arrangement like the one exhibited in the past has been embraced. B  is the 

background pixels. Full C x y
^

,� �  and L x y
^

,� �  were then acquired by applying a bicubic addition 
on the sub-tested images.



International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 4 • October-December 2021

7

Multiply the Mask with Enhanced Image: After the morphological operation the mask image 
of the blood vessel that is achieved is represented as Imask .

As shown in Figure 2, once masked information of blood vessel is achieved, it is multiplied with 
the enhanced image, yielding a blood vessel free image. Theoretically, it has been assumed that up to 
25% to 30% image information is blood vessel only (e.g., Marín, et al., 2011; Patwari, et al. (2013). 

This, of course, is not desirable in optic disk detection. With the help of the above computation, it 
reduced the candidate region, which further needs lesser computational effort than the original one.

I x y I x y I x ycandidate mask enhance, , ,� � � � � � �* 	 (4)

Figure 2. Image Enhancement
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3.4 Calculation of Mean, Standard Deviation and Histogram of I
candidate

 Subblocks

After Estimation of luminosity and contrast drifts the Icandidate remains with the retina and optic 
disk information only. Further, a window is calculated based on database ground truth information 
claiming optic disk.

The size of the window may change, but it is observed that there is not much change in size 
according to assumption WW GT opticdisk≅ _ . Estimated W is used to create the sub-block of 
Icandidate .  For every sub-block, there will be the calculation of mean, standard deviation and histogram. 
From this distribution, the mean values θmean  and standard deviation θstd  that will be used in the 
following search.

� �
mean

N
�

�
�1
1i

N

i 	 (5)

� � �
std

i

N

i mean
N

�
�

�� �
�
�1

1 1

2
	 (6)

3.5 Optimal Threshold Calculation via Histogram
To acquire an ideal threshold, the scanning of histogram is performed from the highest to lowest 
intensity-value, which is resulted from the source-image. The scanning is terminated at Tm  and Ts  
intensity-levels.

Sekhar, et al. (2008) states that the position of the retinal ODE (optic disc oedema) has been 
endeavoured which consider the cluster of high power pixels. Sinthanayothin, et al. (1999) and 
Sinthanayothin, et al. (2002) suggested a technique to identify the position of the ODE (optic disc 
oedema) by the brightest region in image reference.

1) 	 Segmentation Rule for Square window
Tm : Threshold for Mean
Ts : Threshold for std
M : Mean of Square window
S : Standard Deviation
If M < Tm  && S < Ts : Then window is Background (Black Area)
If M < Tm  && S > Ts : Then window is Retinal Background
If M > Tm  && S < Ts : Then window is Optic disk
If M > Tm  && S > Ts : Then window is Retinal Background with Exudates

2) 	 Threshold estimation Rules
Candidate Region Detection Algorithm
Step 1: Evaluate Threshold.
Step 2: Select bright region according to threshold.
Step 3: According to area and density measures select candidate region.
Step 5: Vary threshold if candidate region is not found.
Step 6: Repeat steps 2 through 5 if threshold is greater than 0.
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Step 7: End.

Figure 3 shows the outcome of abovementioned techniques

3.6 Bright Lesions Detection
One strategy is to perform a pixel-to-pixel classification on retinal images in order to detect pixels 
that are potentially part of a bright lesion. These regions could potentially contain exudates. The 
detection and classification of bright lesions, if any, is done as follows:

• 	 Each pixel was classified, which resulted in something called “probable injury map”, which 
indicates the probability that a pixel is part of a bright injury.

• 	 Pixels with high probability were grouped in pixel cluster, probably injuries.

A k-NN algorithm with Euclidean distance and k = 3 was used. The classical philosophy of this 
algorithm stipulates that a new instance to be classified must be assigned the median value among 
the classes of the k instances more similar to it.

In this work, a variant of this philosophy is used to distribute the values of probability in a 
continuous space, assigning as value of belonging the average value between the classes of the k 
nearest instances. The new classified instances were not used as training input during the classification.

The outputs of a Gaussian filter were used as descriptors of each pixel:

Figure 3. Optic Disk Region Mask
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g x y e
x y

,� � �
�

�� �
1

2
2

2

2 2

2

��
� 	 (7)

Where x y,� �  are the pixel coordinates and σ  the scale. For this function we used the variants 
obtained from the derivatives up to the second order such that the set of filters was defined with the 
functions in scales � �� �1 2 3 4 8 16, , , , , , which generates 30 filter variants.

Figure 4 shows two of these filters.

g x y
dg x y
dx

dg x y
dy

d g x y
dxdy

d g x y
dx

d g x y
, ,

,
,

,
,

,
,

,
,

,� � � � � � � � � �2 2

2

2 �� ��
�
�

��

�
�
�

��dy2
	 (8)

Aside from aforementioned outputs of the filters, the intensity value of the pixel in the green 
channel was added as an extra descriptor, yielding a total of 31 characteristics to describe a pixel with 
which we would obtain our approximation space. This classifier was accelerated through Nvidia’s 
CUDa technology using a 196-core GeForce GTS 450 graphics card and the Jacket framework, which 
implements this technology on MATLAB, resulting in an improvement of more than 100x.

On the maps of probable lesions (see Figure 5) a morphological aperture operator was applied, 
that is, an erosion operator followed by a morphological dilatation operator via the same structural 
element (a circumference of unit radius). The following equations describe the elementary operators 
of morphological analysis:

Dilatation:

f B x y f x s y t s t B�� �� � � � �� � � ��� �, max , ,| 	 (9)

Erosion:

f B x y f x s y t s t B�� �� � � � �� � � ��� �, min , ,| 	 (10)

The previous operation is carried out with the ultimate goal of eliminating noise resulting on the 
maps of probable injuries (see Figures 5 and 6).

Figure 4. (a) Gaussian, (b) Derivative with respect to x of the Gaussian
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3.7 A Classification of Bright Lesions
A second and a third classifier k-NN with Euclidean distance and k = 1 were used to differentiate 
the hard exudates and soft exudates from the bright zones. 65 lesion descriptors were used during 
the classification (see Table 1).

4 Simulation And Results using MATLAB 2019a

In Figures 7(a), (b) three examples of the segmentation of the optical disk, which represent the correct 
location of the OD (optic disk) under different conditions of illumination and in different locations 
are shown. In Figure 7(a), an image covered in large part by exudates that present greater intensity 
than the OD is presented. Only the variance of adjacent pixels for the location of the OD. The results 
of the algorithm proposed in the 89 images of the database (DIARETDB1) were evaluated. While the 
OD was located correctly in the 89 images; yet, in 2 cases, one of them as depicted in Figure 7(b), 
a section of the OD was not correctly segmented. This is because the quality of the original image 
is very poor as represented by a large number of sub-exposed pixels in the periphery, affecting the 
intensity characteristic of the OD.

However, the purpose of our stage of segmentation of the optical disk is not to find exactly the 
edges of the OD but to extract the region approximate. With the n that does not represent false positives 
when making the detection about the exudates, the proposed method presents a high sensitivity as it 

Figure 5. (a) and (b) Map of probable injuries (MLP)

Figure 6. (a) and (b) Result after applying the opening operator and selecting the pixels with high probabilities of belonging to 
a bright lesion
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takes, in addition to the high intensity of the OD, the fact that the optical disk is crossed through the 
network of blood vessels. And, in their interior, there is a high density of these OD.

In testing results of the proposed algorithm in segmenting the exudates, 36 images of the 
DIARETDB1 database having exudates were selected. There are some images of fundus of patients 
previously diagnosed and treated with some type of lesion. Here, an example is shown where the 
patient’s retina has been applied Asher therapy with the n of cauterizing lesions. This type of imaging 
has been excluded from the analysis as the focus of this work is to contribute to the pre-diagnosis 
of the retinopathy to diabetes, for which the analysis of retinal images of people already diagnosed.

The evaluations made by three specialists in ophthalmology, which demarcated the regions 
that would potentially contain exudates, are provided in the test repository. These diagnoses were 
generated independently by each expert. In order to obtain a standard for comparisons, we chose to 
unify, in the particular case of hard exudates, the three diagnoses and then take the areas in which 
the three experts agreed, that is, the intercepted areas. Subsequently, we threshold these areas (see 
Figure 8), and call this intercept diagnosis.

In Figure 8, the acquisition of the intercept diagnosis is graphically appreciable and the sequence 
for obtaining it is highlighted below. For a particular type of lesion (hard or soft exudates), a threshold 
of the convergence areas of the diagnoses exposed by the specialists (Figure 8c) was determined with 
an experimentally calculated cut-off point based on a set of test images containing groups of soft and 
hard exudates. Results are shown in Figure 8(d). With the objective of performing an analysis of the 

Table 1. The 65 descriptors used and their description

Descriptor Description

1 Area of the region

2 Perimeter of the region

3 eccentricity of the ellipse that best contains the region

4-33 Average of the region through the image after applying the Gaussian filter with its respective 
variations (see equation 8)

34-63 Standard deviation of the regions through the image after applying the Gaussian filter with its 
respective variations (see equation 8)

64-65 Mean and standard deviation of each of the regions in the green channel

Figure 7. (a) Original background image of eye and in (b) its respective pre-processed version and with the extra OD
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results in units of sensitivity (probability of labelling a pixel as part of an exudate when it really is) 
and specificity (probability of labelling a pixel as part of something different from an exudate when 
this really does not belong to an exudate), it was decided to compare against the diagnostic intercept.

In Figure 9, for each image, an intercept diagnosis was obtained and compared with the regions 
generated by the proposed algorithm. In the detection of hard exudates, this comparison yielded an 
average sensitivity of 73% and an average specificity of 99%. With soft exudates, an average sensitivity 
of 3.4% and an average specificity of 99% was reached. Figure 10 depicts the different results obtained.

4.1 Evaluation for Optic Disc Segmentation: 
DIARETDB1 and DRIVE database

Our optic-disc segmentation method, that is, the adaptive morphological approach, is proposed. 
DIARETDB1and DRIVE database are the common datasets used to test all the methods using 109 
retinal images captured by fundus camera with discernable optic-disc field image reconstruction. 
The performance of optical disc segmentation is further analyzed with the help of O-ratio, that is, 
the overlapping-ratio as well as multi-modal action detection (MAD). The O-ratio is given in order 
to compute the common area between the optical disc region segmented by our method as well as 
the optic-disc region in the ground-truth.

Figure 8. Processing sequences up to the supposed diagnosis
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Figure 9. (a), c), e) Diagnostics eD g), i), k) Diagnostic eB b), d), f) Results of the detection of hard exudates, h), j), l) Results of 
the detection of soft exudates
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Figure 10. Various results
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The formula of overlapping ratio is given as:

Oratio G S
G S

=
?
?

	 (11)

Here, ‘G’ is the true boundary of optical disc (tagged manually) and ‘S’ represents the optical disc 
boundary achieved by proposed segmentation method. And MAD is as given by Kaba, et al. (2013):
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Also, Sc is contour of the proposed segmented region and Gc is the contours of ground-truth. 
D (ai, B) represents the shortest distance from the position of the pixel ai on the contour A to B. A 
high value of O-ratio and a low value of MAD is required for a good-segmentation. The sensitivity 
for the proposed method is tested on DIARETDB1 and DRIVE datasets as given by Kaba, et al. 
(2013):

Sensitivity
T

T F
p

p n

�
�

	 (13)

Where Tp and Fn represent true-positives and false-negatives numbers respectively. It illustrates 
the recognition of the foreground pixels being executed through segmentation.

Table 2 highlights the performance of the method proposed here. It also depicts the comparison 
results of the proposed techniques with the substitutional methods when tested on DIARETDB1 and 
DRIVE database images.

The Markov random fields (MRF) image-reconstruction segmentation technique reached the 
O-ratio (overlapping-ratio) of 0.7850. The proposed method yielded slightly better O-ratio than 
MRF that is, 0.7862 and is superior to other techniques as proposed by Jung, et al. (2004). For some 
reasons during the performance measurement, if the MAD-value is taken into consideration, then 
the MRF image reconstruction method attained a lowermost value of 6.34 and hence outperformed 
all the other techniques. The highest average sensitivity value was 87.89 percent when tested on 
DIARETDB1 images.

Table 2 shows the performance of the proposed technique. It also provides the comparison results 
vis-à-vis other techniques. The comparison and analysis are tested on DRIVE dataset images on the 
basis of O-ratio, sensitivity and MAD value as compared to the Adaptive-morphologic technique 
(Welfer et al. 2010) as individual MAD values are not sufficient to measure the segmentation-
performance.

Table 2. Performance evaluation outcome on DIARETDB1 database

Method O-R ratio (mean) MAD (mean) Sensitivity (mean)

Kaba et al. (2013) 0.7850 6.55 0.8750

Welfer et al. (2010) 0.4365 8.31 ----

Our method 0.7862 6.34 0.8789
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It is assumed that our algorithm with 98.34% success yields good results on DRIVE dataset as 
compared to DIARETDB1 dataset of 87.89%.

5 Conclusion

In summary, our proposed algorithm proved to be a superior method in the detection of bright lesions, 
enabling the possible determination of a lesion in a colour retinography with sufficient certainty. 
The classification of lesions has reached satisfactory results in the differentiation of hard exudates 
while results obtained for the differentiation of soft exudates remain weak. Given the low level of 
sensitivity obtained, these results can still be improved.

Moreover, another key limitation found in this work lies in the structure of the test repository 
used as it does not provide precise information about the diagnosis of these lesions. As such, the 
method led to few diagnoses converging between the different diagnoses of the experts, with a 
low probability value to said injuries being assigned. Therefore, the injury classifier based on an 
experimental threshold may discard injuries erroneously due to low mean values.

Practical implications for the detection of optic disc and lesion location is that it will surely help 
the physicians to find the possibility of diabetes disease in advance.

In future work, attention is called to improve the results mainly of the soft exudate classifier and 
the improvement of the general performance of the algorithm. As faster retinal image acquisition 
often becomes necessary, the proposed algorithm can be extended and evaluated in a compressed 
sensing frame. Optimization of implementation time (software planning) requires special attention.

Table 3. Performance evaluation outcome on DRIVE database

Method O-R ratio (mean) MAD (mean) Sensitivity (mean)

Kaba et al. (2013) 0.8240 3.39 0.9819

Welfer et al. (2010) 0.4147 5.74 ------

Our method .8467 3.38 0.9834
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