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Abstract: Diabetic retinopathy is a dangerous eye disease which causes the blindness widely in the human society. It arises
due to high sugar level in the blood. The eye disease caused due to the diabetes is called diabetic retinopathy. The symptoms of
diabetic retinopathy are red lesions such as microaneurysms (MA), intraretinal hemorrhages and bright lesions such as
exudates, cotton wool spots and blood vessels. Microaneurysm (MA) is one of the features of the diabetic retinopathy. They are
discrete, localized saccular distensions of the weakened capillary walls and appear as small round dark red dots on the retinal
surface. According to the medical definition of MA, it is a reddish, circular pattern with a diameter λ is less than 125µm.
Microaneurysms are mostly found near thin blood vessels, but cannot actually be located on the blood vessels. According to
the number of microaneurysms, the diabetic retinopathy can be classified as mild stage, moderate stage and the severe stage.
To detect the microaneurysms, the optic disc and the blood vessels are firstly detected because they are normal features of the
image. And also, in the detection of microaneurysms the pre-processing stage is very important. In the pre-processing stage,
the filtering techniques and the histogram equalization techniques are applied to reduce the effect of noise and uneven
illumination cases. To detect the optic disc, blood vessels and the microaneurysms, the mathematical morphological method is
applied. The result of this research can help in the screening of diabetic retinopathy.
Keywords: Image Processing Technology, Diabetic Retinopathy, Biomedical Engineering, Life Science, Medical Research

1. Introduction
Nowadays the world's visions are threatened by the
diabetic retinopathy. It is a dangerous eye disease that causes
the blindness and blurs the vision of the human's eye.
Diabetic retinopathy is the effect of diabetes on the eye.
Diabetes arises due to the high sugar level in the blood.
Basically, there are three types of diabetes: Type 1, Type 2
and Type 3 diabetes. Type 1 diabetes arises as a result of auto
immune problem. The immune system of the body destroys
the insulin producing beta cells in the pancreas leading to no
or less production of the required insulin by the pancreas.
Type 2 Diabetes includes non production of insulin or a
situation known as insulin resistance. In this case, the
muscles, fat and other cells do not respond to the insulin
produced. Type 3 is also known as gestational diabetes and it
only occurs during pregnancy. During this stage, the body
resists the effect of insulin produced [1-2].
It can damage the small blood vessels of the eye and also

leads to the loss of vision. This eye disease caused due to the
diabetes is called diabetic retinopathy. The disease is
classified into three stages viz: background diabetic
retinopathy (BDR), proliferate diabetic retinopathy (PDR)
and severe diabetic retinopathy (SDR). In BDR phase, the
arteries in the retina become weakened and leak, forming
small, dotlikehaemorrhages. These leaking vessels often lead
to swelling or edema in the retina and decreased vision. In
the PDR phase, circulation problems cause areas of the retina
to become oxygen-deprived or ischemic. New fragile, vessels
develop as the circulatory system attempts to maintain
adequate oxygen levels within the retina. This phenomenon
is called neovascularisation. Blood may leak into the retina
and vitreous, causing spots or floaters, along with decreased
vision. In the SDR phase of the disease, there is continued
abnormal vessel growth and scar tissue, which may cause
serious problems such as retinal detachment and glaucoma
and gradual loss of vision. The symptoms of diabetic
retinopathy are red lesions such as microaneurysms (MA),
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intraretinal hemorrhages and bright lesions such as exudates,
cotton wool spots and blood vessels. Red lesions are the first
clinically observable lesions indicating diabetic retinopathy.
Therefore, their detection is indispensable for a prescreening
system [3-5]. Microaneurysm (MA) is one of the features of
the diabetic retinopathy. Retinal MAs are focal dilatations of
retinal capillaries. This may also leads to big blood clots
known as Hemorrhages [6]. They are discrete, localized
saccular distensions of the weakened capillary walls and
appear as small round dark red dots on the retinal surface.
According to the medical definition of MA [5], it is a reddish,
circular pattern with a diameter λ<125µm. Microaneurysms
are mostly found near thin blood vessels, but they cannot
actually locate on the blood vessels [5].
In this research, the image processing techniques are
applied to identify the disease in order to reduce the
blindness in the world. Early detection of the disease
(Diabetic Retinopathy) can prevent the loss of vision. And
also, it can help the ophthalmologist in the screening of
diabetic retinopathy.

2. Colour Space Conversion
In digital image processing, images are either indexed
images or RGB (Red, Green, and Blue) images. The input
fundus image can be in RGBcolour space. An RGB image is
an M x N x 3 array of colour pixels, where each colour pixel
is a triplet corresponding to red, green and blue components
of RGB image at specified special location. The range of
value of an RGB is determined by its class. An RGB image
of class double, has value in the range of (0 to 1), while class
of uint8 is (0 to 255), similarly for the range (0 to 65535) is
called class uint16. There are many other colour formats
include: NTSC (luminance(Y), hue(I), saturation (Q) colour
model), HIS (luminance(H), hue(I), saturation (S)) colour
model), YCbCr (luminance(Y), hue(I), saturation (Q)) colour
model), HSV (hue(H), saturation(S), Value(V)) colour
model), CMY(cyan(C), Magenta(M), Yellow (Y) colour
model) and CMYK(cyan(C), Magenta(M), Yellow (Y),
black(K)) colour model [14].
2.1. NTSC Colour Spacing
In the NTSC color space, the luminance is the grayscale
signal used to display pictures on monochrome (black and
white) televisions. The other components carry the hue and
saturation information. NTSC (luminance(Y), hue (I),
saturation (Q)) colour system is used in television in United
States. One of the advantages of this method is that the
grayscale information is separate from colour data. The
percentage of RGB components are given as red 29.9%,
green 58.7% andblue 11.4%. The image data consists of three
components luminance (Y), Hue (I) and Saturation (Q). The
appropriate MATLAB function to use is: rgb2ntsc and the
transformation matrix is given as below:

0.299 0.587
Y
I = 0.596 -0.274
Q
0.211 -0.523

0.114 R
-0.322 G
0.312 B

(1)

2.2. The YCbCr Colour Spacing
In YCbCr (luminance(Y), hue (I), saturation (Q)) colour
spacing, the luminance information is represented by a single
component Y while the colour information is stored as two
colour difference components Cb, Cr. If the input is uint8,
YCBCR is uint8, where Y is in the range (16 to 235), and Cb
and Cr are in the range (16 to 240). If the input is a double, Y
is in the range (16/255 to 235/255) and Cb and Cr are in the
range (16/255 to 240/255). If the input is uint16, Y is in the
range (4112 to 60395) and Cb and Cr are in the range (4112
to 61680). The difference between the blue component and
reference value component is called Cb while the difference
between the red component and reference value is referred to
as component Cr. This colour model is widely used in digital
video. Appropriate MATLAB function for converting from
RGB to YCbCr is: rgb2ycbcr. Convert from RGB to YCbCr
uses the transformation matrix below:
65.481 128.553 24.966 R
Y
16
-37.797
-74.203 112.000 G
I = 128 +
Q
128
112.00 -93.786 -18.214 B

(2)

2.3. The HSV Colour Space
HSV (hue (H), saturation(S), Value (V)) colour space is
generated by looking at the RGBcolour cube along the grey
axis (the axis joining the black and white vertices) resulting
in a hexagonally shaped colour palette. RGB is an m-by-nby-3 image array whose three planes contain the red, green,
and blue components for the image. HSV is returned as an mby-n-by-3 image array whose three planes contain the hue,
saturation, and value components for the image. This colour
system is based on the cylindrical coordinates, thereby
making conversion from RGB to HSV similar to a mapping
RGB coordinate values to cylindrical coordinates function.
Appropriate MATLAB function for converting RGB to HSV
is: rgb2hsv.
2.4. The CMY and CMYK Colour Spaces
In the complement of a binary image, zeros become ones
and ones become zeros; black and white are reversed. In the
complement of an intensity or RGB image, each pixel value
is subtracted from the maximum pixel value supported by the
class (or 1.0 for double-precision images) and the difference
is used as the pixel value in the output image. In the output
image, dark areas become lighter and light areas become
darker. Secondary colours of light are Cyan, magenta, and
yellow. Cyan pigment subtracts the red light from reflected
white light, which itself is composed of equal amounts of red,
blue and green light. MATLAB function for conversion is:
imcomplement. The conversion matrix is as below:
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R
C
1
M = 1 - G
B
Y
1

(3)

2.5. HIS Colour Space
HSI means hue saturation and intensity. In this colour
model space, the intensity component is decoupled from
colour carrying information (hue and saturation) in colour
image, hence an ideal tool for the development of image
processing algorithms. The HSI space consists of a vertical
intensity axis and the locus of colour points that lie on a
plane perpendicular to this axis, as the plan move up and
down the intensity axis. The important components of
HSIcolour space are the vertical intensity axis and the length
of the vector to the colour point and the angle this vector
makes to the red axis. The transformation equations used in
the conversion of RGB to HSI are as follow:
H component of each RGB pixel is obtained using the
following equation
θ
H=
 360 − θ

If B ≤ G
If B > G


1

[ ( R − G ) + ( R − B )]
−1 
2
θ = cos 
1

2
 ( R − G ) + ( R − B )(G − B )  2

(4)

(5)

Saturation component is
S=1-

3
(r+g+b)

min(R, G, B)

(6)

Finally, the intensity component is
I=

1
3

R+G+B

(7)

3. Histogram Equalisation
Histogram equalization technique is used to overcome the
effects of uneven illumination case. It enhances the contrast
of images by transforming the values in an intensity image so
that the histogram of the output image approximately
matches a specified histogram. The purpose of standard
histogram equalisation scheme is to optimize the overall
contrast of the image by obtaining a uniform histogrammed
version of the gray image. It attempts to equalize the
probability of occurrence of all the gray values of the image.
SHE employs a monotonic, non-linear mapping that assigns a
new intensity value to each of the pixels based on following
computation: The probability density function of a digital
image of “n” pixels with gray level range [0, L-1] is given by
equation (1)

nk
P(r ) =
k
n

kth gray level, nk represents the number of pixels in the kth
level and n is the total pixel count. The transformation
mapping of the gray level rk to a new level sk based on a
cumulative distribution function is obtained using equation
(2), which may be expressed as:

k nj k
S = T(r ) = ∑ = ∑ P(rj)K =0,1,...,L − 1 (9)
k
k
j=0 n j=0
Where 'T' stands for the transformation function. This
method is particularly useful, where, both background and
foreground are dark and represented by a set of narrow gray
values. Images acquired from fluorescence oscilloscope are
often very low in contrast, which is evident from their
histograms that are narrow and concentrated only to certain
gray level values. Retinopathy images contain minute details
of the lesions and intra-retinal occlusions that get obscured
due to limited contrast, and hence, are not easily presented
before doctors. This may lead to delayed diagnosis and even
wrong treatment. Histogram equalization plays an important
role in several such cases, but leaves local changes in
contrast unconsidered [8].

3.1. Contrast Limited Adaptive Histogram Equalisation
(CLAHE)
The CLAHE algorithm is defined to function adaptively on
the image to be enhanced, unlike standard histogram
equalization. It optimizes the contrast enhancement on local
image data in a divide and conquer manner and hence
efficiently tackles the global noise. In other words, the basic
idea of the algorithm is to divide the image into a number of
small, non-overlapping contextual regions, called “Tiles”.
The neighboring tiles are then combined using bilinear
interpolation to eliminate artificially induced boundaries. The
contrast, especially in homogeneous areas, can be limited to
avoid amplifying any noise that might be present in the
image [8]. The main objective of this method is to define a
point transformation within a local fairly large window with
the assumption that the intensity value within it is a stoical
representation of local distribution of intensity value of the
whole image. The local window is assumed to be unaffected
by the gradual variation of intensity between the image
centres and edges. The point transformation distribution is
localised around the mean intensity of the window and it
covers the entire intensity range of the image. Consider a
running sub image W of N X N pixels centred on a pixel P (i,
j), the image is filtered to produced another sub image P of
(N X N) pixels according to the equation below

 
 
 ϕ w (P)-ϕ w (Min)  
Pn = 255 × 

 ϕ (Max)-ϕ (Min) 
 w

w



(8)

Where 0≤rk≤1 and k = 0, 1, …, L – 1, and rk stands for the
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where

(10)
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−1

 µ −P 




w
ϕ w (P) = 1+ exp

 σ


w  



(11)

and Maxand Min are the maximum and minimum intensity
values in the whole image, while µ w andσw indicate the
local window mean and standard deviation which are
defined as:

µw =

σw

=

1
N2

1
N2

∑

P(i,j)

(12)

(i,j)∈(k,i)

∑ ( P(i,j)-µ w )
(i,j)∈(k,i)

2

(13)

3.1.1. Thresholding
The thresholding method is a simple shape extraction
technique and applied to detect the desire area. Therefore, the
resulting image was binarized by thresholding.
1,f(x,y) ≥ T
g(x,y) = 
 0,f(x,y) < T

(14)

Where, g (x, y) is the binary value of the pixel and f (x, y)
is gray value of a pixel in the result image of image
enhancement.
The threshold value is depended on automated selection by
using the Otsu algorithm. Otsu’s method [9] is one of the
most popular techniques of optimal thresholding; there have
been surveys [10-13] which compare the performance
different methods can achieve. Essentially, Otsu’s technique
maximizes the likelihood that the threshold is chosen so as to
split the image between an object and its background. This is
achieved by selecting a threshold that gives the best
separation of classes, for all pixels in an image. The
graythresh function uses Otsu's method, which chooses the
threshold to minimize the intraclass variance of the black and
white pixels.
The equations of the Otsu's Algorithm are as follow:
σ2 Between(T)=wB(T)wo(T)[µB(T)-µo(T)]2
wB T = ∑i=0 p i
T-1

µB T = ∑i=0

T-1 ip i
p(i)

w0 T = ∑i=T p i
L-1

µ0 T = ∑i=T

L-1 ip i
p(i)

(15)
(16)
(17)
(18)
(19)

where, σ2Between(T)=Between-class variance
w=weight, B=background of the image, o=object of image
µ=combined mean,
T=threshold value

3.1.2. Filtering Techniques
An image is often corrupted by noise in its acquisition and
transmission. Noise is any unwanted information that
contaminates an image. Noise appears in images from a
variety of sources. The goal of denoising is to remove the
noise while retaining as much as possible the important
signal features. Denoising can be done through filtering,
which can be either linear filtering or non-linear filtering.
3.1.3. Median Filter
The median filter is a nonlinear filter, which can reduce
impulsive distortions in an image and without too much
distortion to the edges of such an image. It is an effective
method that of suppressing isolated noise without blurring
sharp edges. Median filtering operation replaces a pixel by
the median of all pixels in the neighbourhood of small sliding
window. The operation of the median filter is – first arrange
the pixel value in either ascending or descending order and
then compute the median value of the neighborhood pixels. It
gives better results than the neighbourhood averaging in the
case where noise is of impulsive nature. The advantage of a
median filter is that it is very robust and has the capability to
filter only outliers and is thus an excellent choice for the
removal of especially salt and pepper noise and horizontal
scanning artifacts. The median filter is realized in MATLAB
by the function medfilt 2.
3.1.4. Averaging Filter
The averaging filter is also used to reduce the effect of
noise in image. The operation of the averaging filter is each
pixel gets set to the average of the pixels in its neighborhood.
The effect of averaging is to reduce noise; this is its
advantage. An associated disadvantage is that averaging
causes blurring which reduces detail in an image. It is also a
low-pass filter since its effect is to allow low spatial
frequencies to be retained, and to suppress high-frequency
components. A larger template, say 3 × 3 or 5 × 5, will
remove more noise (high frequencies) but reduce the level of
detail. The size of an averaging operator is then equivalent to
the reciprocal of the bandwidth of a low-pass filter that it
implements.
3.1.5. Wiener Filter
The wiener filter tries to calculate the optimal estimate of
the original image by enforcing a minimum mean-square
error constraint between estimate and original image. The
wiener filter is an optimum filter. The objective of the wiener
filter is to minimize the mean square error. A wiener filter has
the capability of handling both the degradation function as
well as noise. The wiener filter requires to know the power
spectral density of the original image which is unavailable in
practice. Wiener filter can be done by using wiener2
function.
3.2. Mathematical Morphological Method
Morphological operations play a key role in digital image
processing with special application in the field of machine
vision and automatic object detection. The morphological
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operations include dilation, erosion, opening, closing and
skeletonization etc. Mathematical morphology analyses
images by using operators developed using set theory [1416]. It was originally developed for binary images and was
extended to include grey-level data. The word morphology
concerns shapes: in mathematical morphology the image can
be processed images according to shape, by treating both as
sets of points. In this way, morphological operators define
local transformations that change pixel values that are
represented as sets.
3.2.1. Dilation
Dilation is a process that thickens objects in a binary
image. The extent of this thickening is controlled by the
Structuring Element (SE) which is represented by a matrix of
0s and 1s.
Mathematically, dilation operation can be written in terms
of set notation as below
A ⊕ As

z| A’s z ∩ A

Φ

(20)

Where Φ is an empty element and As is the structuring
element. The dilation of A by As is the set consisting of all
structuring element origin locations where the reflected and
transmitted As overlaps at least some portions of A. Dilation
operation is commutative and associative.
3.2.2. Erosion
Erosion shrinks or thins the objects in a binary image by
the use of structuring element. The mathematical
representation of erosion is as shown below.
A Θ As

z| As z ∩ Ac

Φ
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Morphological closing can also be described as dilation
operation followed by erosion operation. Morphological
Closing of Image X by Y is denoted by X •Y, which is
dilation of X by Y followed by erosion of the result obtained
by Y. Image opening and image closing and are implemented
in MATLAB by the use of imopen(image name) and
imclose(image name) respectively.
3.2.4. Skeletonization
Skeletonization is another way to reduce binary image
objects to a set of thin strokes that can display important
information about the shape of the original objects.
Skeletonization is similar to thinning, except that it maintains
more information about the internal structure of objects with
it being 1 pixel thick. To reduce all objects in an image to
lines, without changing the essential structure of the image,
use the bwmorph function. This process is known as
skeletonization.

4. Implementation of the Proposed
System
In this setion, the stages about the optic disc detection, the
blood vessels detection and the microaneurysms detection are
discussed. These stages are very important because the
ophthalmologist can use the results in the detection of
diabetic retinopathy. The general flow chart of the detection
of diabetic retinopathy is shown in Figure 1.

(21)

Erosion is performed in MATLAB using the command
imerode (Image Name, SE). One of the most common
applications of this is to remove noise in thresholded images.
3.2.3. Opening and Closing
In image processing, dilation and erosion are used most
often and in various combinations. An image may be
subjected to series of dilations and or erosions using the same
or different SE. Closing and opening operators are generally
used as filters that remove dots characteristic of pepper noise
and to smooth the surface of shapes in images. These
operators are generally applied in succession and the number
of times they are applied depends on the structural element
size and image structure. The combination of this two
principles leads to morphological image opening and
morphological image closing.
Morphological opening can be described as an erosion
operation followed by a dilation operation. Morphological
opening of image X by Y is denoted by X οY, which is
erosion of X by Y followed by dilation of the result obtain by
Y closing and opening
X οY

X •Y

X ⊕ Y ΘY

XΘY ⊕ Y

(22)
(23)
Figure 1. General Flowchart of Detection of Diabetic Retinopathy Using
Image Processing Techniques.
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4.1. Pre-Processing Stage
The pre-processing stage is the necessary step for the next
stages. In this stage, the noise contained in the image is
removed and reduced the uneven illumination case. The preprocessing stage includes the following steps:
a) Colour Space Conversion
b) Filtering Techniques
c) Contrast Limited Adaptive Histogram Equalisation
4.2. Colour Space Conversion
The colour space conversion is an essential step for the
next processes. For example, RGBcoulour space is converted
into HSIcolour space for optic disc detection and RGBcolour
space is converted into gray scale image for blood vessels
detection.
4.3. RGB to HSI Conversion
The first stage of the pre-processing stage is the colour
space conversion. The input image can be either RGB or
other colour formats. So, the input image is converted into
Hue, Saturation and Intensity (HSI) color space for the optic
disc detection because HSIcolour space is more appropriate
to separate the intensity component from the other two
components. And also, the information needed for the further
process is contained in the intensity component. Therefore,
the colour space conversion RGB to HSI is the necessary step
for the detection of the diabetic retinopathy. After that the
filtering technique and the histogram equalization technique
are applied for the image enhancement purpose. The
conversion of RGB to HSI has been discussed fully in the
previous setion. The input RGB image and the outputHSI
image are shown in Figure 2 and Figure 3.

Figure 4. Original RGB Image.

For the blood vessels detection, the original RGB image is
converted into gray scale image because that colour space is
more suitable to detect the blood vessels than the other colour
space. The conversion of RGB images to grayscale is by
eliminating the hue and saturation information while retaining
the luminance. The input image and the result of RGB to Gray
scale image are shown in Figure 4 and Figure 5.

Figure 5. Gray Scale Image.

4.4. Filtering Techniques
The noise contained in the image is reduced by using
filtering techniques such as median filter, wiener filter and
averaging filter.
4.5. Median Filter

Figure 2. Original RGB Image.

Figure 3. HSI Image (RGB to Gray Scale Conversion).

Median filter is used in the pre-processing stage in order to
remove the noise which contains in the image. The median
filter is a non-linear filter type and which is used to reduce
the effect of noise without blurring the sharp edge. The
operation of the median filter is – first arrange the pixel
values in ascending order and then compute the median value
of the neighborhood pixels. The result of the median filter is
used in the further processes and using the default 3-by-3
neighborhood.

Figure 6. Image with Noise.
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4.7. Averaging Filters

Figure 7. Result of Median Filter.

4.6. Wiener Filter
The wiener filter is used to minimize the mean square error
between input and output image. The objective of the wiener
filter is to minimize the mean square error. A wiener filter has
the capability of handling both the degradation function as
well as noise. The wiener filter requires to know the power
spectral density of the original image which is unavailable in
practice. Wiener filter can be done by using wiener2 function
using neighborhoods of size m-by-n to estimate the local
image mean and standard deviation and m and n default to 3.
The result of the wiener filter is shown in Figure 9. The
equation of the wiener filter is

H*(ω ,ω )×S (ω ,ω )

G (ω1,ω2 ) =

1

2

ff

1

2

Averaging filter is useful for removing grain noise from a
photograph. Each pixel gets set to the average of the pixels in
its neighborhood. The averaging filter is also known as the
mean filter. The median filter is a non-linear while the
averaging filter is a linear one. The effect of averaging is to
reduce noise; this is its advantage. An associated
disadvantage is that averaging causes blurring which reduces
detail in an image. It is also a low-pass filter since its effect is
to allow low spatial frequencies to be retained, and to
suppress high-frequency components. A larger template, say
3 × 3 or 5 × 5, will remove more noise (high frequencies) but
reduce the level of detail. The size of an averaging operator is
then equivalent to the reciprocal of the bandwidth of a lowpass filter that it implements. The operation of the averaging
filter is- find the average of the neighborhood pixels and
replace the value and using the default 3-by-3 neighborhood.
The image with noise and the result image are shown in
Figure 10 and Figure 11.

(24)

2

H(ω ,ω ) ×S (ω ,ω ) +S (ω ,ω )
1

2

ff

1

2

ηη

1

2

where, Sff ω1, ω2 and SȠȠ ω1, ω2 are Fourier transform
of the image covariance and noise covariance.

Figure 10. Image with Noise.

Figure 11. Result of Averaging Filter.

Figure 8. Image with Noise.

According to the Table 1, the median filter is used to
reduce the effect of noise and filtering purpose.
Table 1. Performance Comparison of Filtering Techniques.
Types of Filter
Median Filter
Averaging Filter
Wiener Filter

Figure 9. Result of Wiener Filter.

MSE
2.6338
18.1549
4.5840

PSNR
43.9249
24.7432
41.5183

Mean Square Error (MSE) andPeak Signal to Noise Ratio
(PSNR) are the two error metrics used to compare image
quality.
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MSE =

1
MN

M

N

∑∑ ( x(i, j) − y(i, j))

2

(25)

i =1 j =1

 (2n − 1) 2
PSNR = 10 log10 
 MSE






(26)

Where, x(i, j)=the original image
Y(i, j)=the output filtered image
M × N=the number of rows and columns in the input
images
n=number of bits
The lower the value of MSE, the lower the error. The
higher the PSNR, the better the quality of the compressed or
reconstructed image.

Figure 14. Standard Histogram Equalisation Image.

4.8. Histogram Equalisation
One of the problems associated with fundus images is
uneven Illumination. Some areas of the fundus images appear
to be brighter than the other. Areas at the centre of the image
are always well illuminated, hence appears very bright while
the sides at the edges or far away are poorly illuminated and
appears to be very dark. In fact the illumination decreases as
distance form the centre of the image increase. The purpose
of standard histogram equalisation scheme is to optimize the
overall contrast of the image by obtaining a uniform
histogrammed version of the gray image. It attempts to
equalize the probability of occurrence of all the gray values
of the image. The original images and the results of standard
histogram equalization are shown in Figure 12 to Figure 15.

Figure 12. Original Image.

Figure 15. Histogram of Image after Standard Histogram Equalisation.

4.9. Contrast Limited Adaptive Histogram Equalisation
Most of the input fundus images can face with the problem
of uneven illumination. Due to the uneven illumination case,
some area of the fundus images appear brighter than the other
area for example, at the center of the image is always bright
and sharp but the sides at the edges are dark and poorly
illuminated. To reduce the uneven illumination case, the
contrast limited adaptive histogram equalization (CLAHE) is
applied. The main objective of this method is to define a
point transformation within a local fairly large window with
the assumption that the intensity value within it is a stoical
representation of local distribution of intensity value of the
whole image.
As a result of this adaptive histogram equalization, the
dark area in the input image that was badly illuminated has
become brighter in the output image while the side that was
highly illuminated remains or reduces so that the whole
illumination of the image is same. The original images and
the results of the adaptive histogram equalization are shown
in Figure 16 to Figure 19.

Figure 16. Original Image.
Figure 13. Histogram of Original Image.
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Figure 17. Histogram of Original Image.

mathematical morphology methods are applied to detect and
eliminate the optic disc. The morphological operations
include dilation, erosion, opening, closing and so on. The
general procedure of the optic disc detection is shown in
Figure 20. To detect the optic disc, first the input RGB image
is converted into HSIcolour space, the median filter and the
histogram equalization techniques are used to reduce the
noise and uneven illumination cases. These results have been
discussed and also these results are used in the detection of
the optic disc. The closing operator is applied to the
preprocessed image, when the closing operator is used the
choice of structuring element is important. The closing is a
dilation followed by erosion that joins very close objects
together. And then, morphological reconstruction is applied
to the image. Morphological reconstruction can be thought of
conceptually as repeated dilations of an image, called the
marker image, until the contour of the marker image fits
under a second image, called the mask image. In
morphological reconstruction, the peaks in the marker image
"spread out," or dilate. To detect the optic disc, the Otsu’s
algorithm is applied to the difference between the original
image and the reconstructed image. The original image and
the optic disc detected image are shown in Figure 21 and
Figure 22.

Figure 18. Adaptive Histogram Equalization Image.

Figure 19. Histogram of Image after Adaptive Histogram Equalisation.

4.10. Segmentation Stage
The segmentation stage is the important step in the
detection of diabetic retinopathy because the ophthalmologist
can detect the disease easily by using the results of the
segmentation stage.
4.10.1. Optic Disc Detection
The optic disc detection is the important step for the
further processes. The optic detection is useful because it can
reduce the false positive detection of the exudates because
the optic disc and the exudates are the brightest portion of the
image. The optic disc can be seen as the elliptical shape in
the eye fundus image. Its size varies from one person to
another, between one-tenth and one-fifth of the image. The
maximum diameter of optic disc can be of 2mm. The
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Figure 20. General Procedure of the Optic Disc Detection.
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Figure 21. HSI Image.

input image is converted into grayscale image due to
strengthen the appearance of the blood vessels. Same as the
optic disc detection, the median filter and the histogram
equalization techniques are used for the same purposes in the
pre-processing stage. Then, the closing operator is applied
and then the filling operator is used to fill holes in the blood
vessels. Therefore, the blood vessels appear strongly in the
image and then the Otsu algorithm is applied to detect the
blood vessels. The optic disc detection and the blood vessels
detection are necessary steps for the detection of diabetic
retinopathy. The general flow chart for the blood vessel
detection is shown in Figure 23.
The original image and the result image are shown in
Figure 24 and Figure 25. By using the results of the optic
disc detection and the blood vessels detection, the
ophthalmologist can detect the disease easily.

Figure 22. Optic Disc Detected Image.

4.10.2. Blood Vessels Detection

Figure 24. Original image.

Figure 25. Blood Vessels Detected Image.

Figure 23. General Procedure for the Blood Vessels Detection.

The blood vessels detection is also important as the optic
disc detection because the optic disc and the blood vessels
are the normal features of the image. The appearance of
blood vessel in a retinal image is complex and having low
contrast. In fundus retinal image, the blood vessels appeared
as a network like structure. The main blood vessels originate
from the center of the OD and grow to different branches.
The general procedure for the blood vessels detection is
shown in Figure 23. To detect the blood vessels, first the

4.10.3. Microaneurysm Detection
Microaneurysm (MA) is one of the features of the diabetic
retinopathy. Retinal MAs are focal dilatations of retinal
capillaries. This may also leads to big blood clots known as
Hemorrhages. The general flow chart for the microaneurysms
detection is shown in Figure 26.
They are discrete, localized saccular distensions of the
weakened capillary walls and appear as small round dark red
dots on the retinal surface. According to the medical definition
of MA, it is a reddish, circular pattern with a diameter
λ<125µm. The diameter of MA lies between 10 and 100µm, in
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the image set of size 752 × 500 pixels, the size of a MA is
about 10 pixels. Microaneurysms are mostly found near thin
blood vessels, but they cannot actually locate on the blood
vessels. Image processing of color fundus images is more
challenging and hard to distinguish due to the different
‘distractors’ within the image that may be confused with
diabetic lesions eg., small vessels, intersection of two thick
vessels or a few very thin vessels, choroidal vessels, reflection
artefacts and leads to misinterpretation to the detectors.
Figure 27. The Input Retinal Image.

Figure 28. The Output Retinal Image (No DR).

Figure 26. General Procedure for the Microaneurysms Detection.
Figure 29. The Input Retinal Image.

To detect the microaneurysms, the optic disc and the blood
vessels are eliminated from the image firstly because they are
the normal feature of the image. According to the number of
microaneurysms the disease can be classified as mild,
moderate and severe cases. To find an MA by its diameter
and isolated connected red pixels with a constant intensity
value, and whose external border pixels all have a higher
value in the green plane of a RGBimage. A preprocessed
retinal image was used as the primary image for MA
detection. The extended-minima transform is applied to the fE
image. This transformation is a thresholding technique that
brings most of the valleys to zero. The extended minima
transform is applied on the fE image with threshold value α2.
fE=Extended minima transform(fp, α2)

(27)

Where fE is the transformed image and fp is preprocessed
imageThe selection of threshold is most important. Where
the higher value of α2 will decrease the number of regions
and a lower value of α2 will increase the number of regions.
Figure 30. The Output Retinal Image (Mild Stage of DR).

55

56

Hla Myo Tun: Analysis on Image Processing Technology-based Diabetic Retinopathy

Table 2. Criteria used for grading the diabetic retinopathy.
Numbers of microaneurysms (MA)
MA=0
1≤MA≤5
5<MA<15
MA≥15

Figure 31. The Input Retinal Image.

Figure 32. The Output Retinal Image (Moderate Stage of DR).

Stage of Disease (DR)
no DR (Grade 0)
Mild(Grade 1)
Moderate(Grade 2)
Severe(Grade 3)

Performance metrics was done by comparing the
segmentation results to the reference image. There are four
values resulted from the validation procedure, true positive (TP),
false positive (FP), true negative (TN) and false negative (FN).
TP is a number of pixels correctly detected as microaneurysms
(MA), FP is a number of pixels incorrectly flagged, TN is a
number of pixels correctly detected as non MA and FN is a
number of pixels incorrectly flagged as non MA.
The correct and incorrect percentages of this research can
be calculated by using following equations:
Correct=[TP+TN]/[TP+TN+FN+FP]

(28)

Incorrect=[FP+FN]/[TP+TN+FN+FP]

(29)

Figures 35 and 36 show the original image and the
microaneurysms (MA) detected image. According to the
medical definition, if the number of MA is greater than 15 the
disease is assigned as severe stage. And also, the
ophthalmologist identified the disease as the severe case.

Figure 33. The Input Retinal Image.
Figure 35. Original Image.

Figure 34. The Output Retinal Image (Severe stage of DR).

5. Experimental Results
In this setion, the results of this research will be presented
and discussed. According to the results of the
microaneurysms detection, the fundus image can be
classified as normal and abnormal. And also, the disease can
be classified as mild stage, moderate stage and serve stage
depending on the numbers of microaneurysms.
The criteria used for grading the diabetic retinopathy are
described in Table 2.

Figure 36. Image of Detected Microaneurysms.
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Figures 37 and 38 show the original image and the result
image of the research. The algorithm identified the disease as
the severe case and also the ophthalmologist determined the
disease as the severe case.

Figure 37. Original Image.

Figure 40. Image of Detected Microaneurysms.

Figure 41. Original Image.
Figure 38. Image of Detected Microaneurysms.

Figure 39 is the healthy retinal image and the algorithm
identified as no disease too. The result image is shown in
Figure 40. The ophthalmologist identified the Figures 41 and
42. as mild stage of the diabetic retinopathy (DR) and the
algorithm identified as the mild stage too.

Figure 42. Image of Detected Microaneurysms.

Figure 39. Original Image.

According to the medical definition, the number of
detected microaneurysms for Figures 43 and 44 are more
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than 15 and identified as severe stage of DR and the
ophthalmologist identified the same. For Figures 45 and 46,
the ophthalmologist identified the disease as the severe stage
and the algorithm identified as moderate stage. For Figures
47 and 48, ophthalmologist identified the disease as severe
case and the algorithm also identified as moderate stage of
DR. For Figures 49 and 50, the ophthalmologist and the
algorithm identified the disease as the severe stage.

Images
Image4
Image5
Image6
Image7
Image8

Stage of the disease
identified by the
ophthalmologist
Mild Case
Severe Case
Severe Case
Severe Case
Severe Case

Stage of the disease
identified by the proposed
method
Mild Case
Severe Case
Moderate Case
Moderate Case
Severe Case

Figure 43. Original Image.

Figure 46. Image of Detected Microaneurysms.

Figure 44. Image of Detected Microaneurysms.
Figure 47. Original Image.

Figure 45. Original Image.
Table 3. Performance of the Proposed Method to Identify the Severity of the
Diseasefor Corresponding Input Images.
Images
Image1
Image2
Image3

Stage of the disease
identified by the
ophthalmologist
Severe Case
Severe Case
No diabetic retinopathy

Stage of the disease
identified by the proposed
method
Severe Case
Severe Case
No diabetic retinopathy

Figure 48. Image of Detected Microaneurysms.

International Journal of Biomedical Science and Engineering 2019; 7(2): 45-60

59

which reduces details in an image. According to the values of
MSE and PSNR, the median filter is the most suitable for the
noise removal purpose. The lower the value of MSE, the
lower the error. The higher the PSNR, the better the quality
of the compressed or reconstructed image. The
microaneurysms are one of the features of the diabetic
retinopathy. According to the number of microaneurysms, the
stages of the disease can be classified. The correct and
incorrect percentages of the detection of diabetic retinopathy
are 77% and 23%. This research only focuses on the
microaneurysms and there still need to detect the exudates to
get the exact results. The exudates are also the symptom of
the diabetic retinopathy. This method doesn't need the highly
efficient computer so it is suitable for rural area in
developing countries. But, for the poor quality images this
method cannot be detected and the number of
microaneurysms cannot be counted automatically. The
outcomes of this research work are high level results by
comparing with the results of the study [2]. The accuracy of
this research work is also high and the performance of the
proposed system is also elevatedfor real applications.

Figure 49. Original Image.

7. Conclusion

Figure 50. Image of Detected Microaneurysms.

Table 3 shows the results of the detection of
microaneurysms and the stages of the diabetic retinopathy.
The research for the microaneurysms detection was applied
to 21 retinal images of which 18 images with severe case and
3 images with other cases. The correct and incorrect
percentages of this research can be calculated by using
following equations:
Correct= [TP+TN]/[TP+TN+FN+FP]

(30)

Incorrect= [FP+FN]/[TP+TN+FN+FP]

(31)

The percentages for the correct and incorrect detection are
77% and 23%.

The diabetic retinopathy is a dangerous eye disease and
early detection of it can prevent the loss of vision. This
research can help the ophthalmologist in the screening of
diabetic retinopathy. First, the noise contained in the image
and the uneven illumination case was reduced in the preprocessing stage. Then, the mathematical morphology
method was used to detect the optic disc and the blood
vessels. Detection of the optic disc and the blood vessels are
the essential steps because the optic disc and the blood
vessels are the normal feature of the image. And then, the
microaneurysms can be detected and the results can help the
ophthalmologist in the screening of diabetic retinopathy.
According to the number of microaneurysms, the diseases
can be classified as mild case, moderate case and severe case.
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