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Abstract Diabetic retinopathy (DR) is caused by damage
to the small blood vessels of the retina in the posterior part
of the eye of the diabetic patient. The main stages of
diabetic retinopathy are non-proliferate diabetes retinopathy
(NPDR) and proliferate diabetes retinopathy (PDR). The
retinal fundus photographs are widely used in the diagnosis
and treatment of various eye diseases in clinics. It is also
one of the main resources for mass screening of diabetic
retinopathy. In this work, we have proposed a computer-
based approach for the detection of diabetic retinopathy
stage using fundus images. Image preprocessing, morphol-
ogical processing techniques and texture analysis methods
are applied on the fundus images to detect the features such
as area of hard exudates, area of the blood vessels and the
contrast. Our protocol uses total of 140 subjects consisting
of two stages of DR and normal. Our extracted features are
statistically significant (p<0.0001) with distinct mean±SD
as shown in Table 1. These features are then used as an

input to the artificial neural network (ANN) for an
automatic classification. The detection results are validated
by comparing it with expert ophthalmologists. We demon-
strated a classification accuracy of 93%, sensitivity of 90%
and specificity of 100%.
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Introduction

Blindness is an outcome of diabetic retinopathy and its
prevalence is set to continue rising. Estimated 50–65 new
cases of blindness per 100,000 people happened every year
[1]. The screening of diabetic patients for the development
of diabetic retinopathy can potentially reduce the risk of
blindness in these patients by 50%. An early detection of DR
enables laser therapy to be performed to prevent or delay
visual loss and may be used to encourage improvement in
diabetic control. Current methods of detection and assess-
ment of diabetic retinopathy is manual, expensive and
require trained ophthalmologists [2–5]. Hence an automatic
detection and treatment of the diabetic retinopathy in an
early stage can prevent the blindness.

Diabetic retinopathy is a complication of diabetes and a
leading cause of blindness. It occurs when diabetes
damages the tiny blood vessels inside the retina, the light-
sensitive tissue at the back of the eye [6]. This tiny blood
vessel will leak blood and fluid on the retina forms features
such as microaneurysms, hemorrhages, hard exudates,
cotton wool spots or venous loops [7]. Diabetic retinopathy
can be broadly classified as nonproliferative diabetic
retinopathy (NPDR) and proliferative diabetic retinopathy
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(PDR) [6]. Depending on the presence of features on the
retina, which is said above, the stages of DR can be
identified [7]. A normal retina of the eye does not have any
of the above said features and is shown in Fig. 1(a). In the
NPDR stage, the disease can advance from mild, moderate
to severe stage with various levels of features said above
except less growth of new blood vessels [6]. Figure 1(b–d)
shows the fundus image of three stages of NPDR. PDR is
the advanced stage where the fluids sent by the retina for
nourishment trigger the growth of new blood vessels. They
grow along the retina and over the surface of the clear,
vitreous gel that fills the inside of the eye. If they leak blood,
severe vision loss and even blindness can result [6, 7].
Figure 1(e) shows the fundus image of PDR eye. We are
proposing a system to identify these two stages of diabetic
retinopathy against the normal case.

Since 1982, the quantification of diabetic retinopathy
and detection of features such as exudates and blood
vessels on fundus images were studied [8–12]. A computer
based algorithms to detect the individual features of the
fundus image were developed. In all these work, image
processing techniques such as image preprocessing, seg-
mentation, 2D matched filters and image thresholding
techniques were widely used. These systems are not able
to integrate all the features of the diabetic retinopathy in a
single entity for the automatic detection and classification
of different stages with respect to the normal subject.
Algorithms for the computer based identification of micro-
aneurysms were developed [13], but work does not provide
any hope on the automatic identification of stages in DR
and also lack in usage of large database. An automatic
system for the detection of symptoms pertaining to the
abnormality is proposed in [14–16]. Global and local
thresholding values were used to segment exudates lesions

from the red-free images. These methods cannot be used to
develop the features for automatic detection system as it is
difficult to set a constant threshold value. The system
proposed in [17] can detect and quantify only micro-
aneurysms which can be useful in detecting only mild
stages.

An algorithm to detect the optic disk, blood vessels and
fovea is developed in [18]. This algorithm can be applied only
on the normal retinal images. Ege et al have located the optic
disc, fovea and four red and yellow abnormalities (micro-
aneurysms, hemorrhages, exudates and cotton-wool-spots) in
38 color fundus images [19]. In this work the symptoms of
abnormalities are graded previously by the ophthalmologist
hence it is not useful in development of an automated system
for the detection of diabetic retinopathy. An image analysis
system for the automatic diagnosis of diabetic retinopathy is
developed in [20]. The methods developed in this work will
not be able to detect large variations in the features of the
abnormal retinal images.

Many investigations have been carried out on the
computer assisted analysis of the retinal fundus images [21,
22]. But these systems were not able to provide accurate
investigations on different stages of diabetic retinopathy. The
automatic detection of microaneurysms, hard exudates,
cotton wool spots, and hemorrhages for the pathology
detection were studied [23–26]. These methods failed when
applied with large database of abnormal fundus images.
There are many algorithms and techniques proposed to
extract the features from the fundus images [27–29].

A novel semi-automatic algorithm was applied to detect
and measure exudates in fundus images [30]. Methods
proposed in this paper use morphological image processing
techniques. This method also cannot work for a constant
threshold value when converted binary image. A prototype

Fig. 1 Retinal fundus images of a normal b mild c moderate d severe e PDR

Table 1 Mean and standard deviation of features used in the automatic classification system

Input features Normal NPDR PDR ANOVA test

Blood vessel area (pixels) 64,397±12,850 118,542±74,010 155,243±91,630 p<0.0001
Blood vessel perimeter (pixels) 14,022±2,169 20,396±9,952 23,976±10,060 p<0.0001
Exudates area (pixels) 0±0 9,544±1,330 5,307±538 p<0.0001
Contrast 111.07±26.3 81.498±38.4 111.19±42.9 p<0.0001
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on automated diagnosis and understanding of retinal images
was presented [31]. In recent years many researchers
proposed system for the automatic identification of features
for diabetic retinopathy, which are useful for the treatment
[23, 32–35]. These methods can only useful in subjective
analysis of the diabetic retinopathy. The methods proposed
in all the researches discussed above are not reliable and
robust as it does not provide any objective measurement on
the features. The above discussed methods are mainly
useful in analysis of the specific features on the retina, but
do not provide a system as whole for the automatic
detection of different stages of diabetic retinopathy. The
investigations and algorithms so far developed are unable to
detect an early stage of retinopathy (NPDR) accurately.

We are proposing a system for automated classification
of normal, NPDR and PDR retinal images by automatically
detecting the blood vessels, hard exudates and texture. The
proposed system is shown in block diagram which is shown
in Fig. 2. The objective measurement such as blood vessels
area, exudates area and contrast is computed from the
processed retinal images. These objective measurements are
finally fed to an Artificial Neural Network (ANN) classifier
for the automatic classification. Materials and methods
section explains the methods in detail and results are
tabulated and explained in Results section. Discussion and
conclusions are presented in Discussion and Conclusions
sections respectively.

Materials and methods

The images for this work were taken in a TOPCON non-
mydriatic retinal camera with model number TRC-NW200.
The built-in CCD camera provides up to 3.1 megapixels of
high quality imaging. The inbuilt imaging software is used
to store the images in the JPEG format. The data set is

acquired at Department of Ophthalmology, Kasturba
Medical College, Manipal, India. The images were photo-
graphed and certified by the doctors in the department. The
ethics committee consisting of senior doctors has approved
the data for this research purpose. The images were taken in
a resolution of 560×720. In this work retinal fundus
photograph of normal, NPDR, PDR cases were used. Total
of 140 fundus images were collected for this study with an
age group of 24–57 years. The data set is divided into two
sets, one set of 90 arbitrarily chosen samples are used for
training and remaining 50 samples are used for testing.

Image processing techniques

The fundus images were processed using different image
processing techniques such as image enhancement, mor-
phological image processing and texture analysis. They are
explained briefly in the following sections.

Image preprocessing

Each image was preprocessed to remove non-uniform
background. Non uniform illumination and variation in
the pigment color of the eye are two major reasons for this
non-uniformity. This was corrected by applying adaptive
histogram equalization to the image before applying the
image processing operations [36]. This technique adjusts
the local variation in contrast by increasing the contrast in
lower contrast area and lowering the contrast in high
contrast area.

Morphological image processing

Morphological image processing is a type of processing in
which the spatial form or structure of objects within an
image is modified. In the morphological dilation and
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Fig. 2 Proposed system for detection and classification of different stages of Diabetic Retinopathy

J Med Syst (2008) 32:107–115 109



erosion operations, the state of any given pixel in the output
image is determined by applying a rule to the corre-
sponding pixel and its neighbors in the input image. With
dilation, an object grows uniformly in spatial extent,
whereas with erosion an object shrinks uniformly [37].

An essential part of the dilation and erosion operations is
the structuring element (SE) used to probe the input image.
A structuring element is a matrix consisting of only 0s and
1s that can have any arbitrary shape and size. Figure 3
shows diamond, disc and octagon shaped structuring
element with radius R=3, where R for octagon SE specifies
the distance from the structuring element origin to the sides
of the octagon, as measured along the horizontal and
vertical axes and R for disc SE specifies the radius. Dilation
followed by erosion is called a close operation. Closing of
an image with a compact structuring element without holes
(zeros), such as a square or circle, smoothes contours of
objects, eliminates small holes in objects, and fuses short
gaps between objects. An open operation consists of
erosion followed by dilation. Opening of an image
smoothes contour of objects, eliminates small objects, and
breaks narrow strokes. The close operation tends to increase
the spatial extent of an object, while the open operation
decreases its spatial extent [36].

Texture analysis

Texture is a measure of properties such as smoothness,
coarseness, and regularity of pixels in an image. Texture
can also be defined as a mutual relationship among
intensity values of neighboring pixels repeated over an
area larger than the size of the relationship [38]. Conven-
tional texture recognition system can be grouped into three
classes: structural, statistical and spectral. Structural texture
analysis is more complex as compared to the statistical
approach [38]. Statistical approaches yield characterization
of textures as smooth, coarse, grainy and so on. Statistical
algorithms are based on the relationship between intensity
values of pixels; measures include entropy, contrast, and
correlation based on the gray level cooccurrence matrix. In

statistical methods, we describe features using a spatial gray
level dependency (SGLD) matrix. For a two-dimensional
image f(x,y) with N discrete gray levels, we define the
spatial gray level dependency matrix P(d, Φ) for each d and
Φ, and is given by

Pðd;φÞ ¼ :

p00 p01 : : p0;N�1

p10 p11 : : p1;N�1

: : : : :
: : : : :

pN�1;0 pN�1;1 : : pN�1;N�1

����������

����������

ð1Þ

where

pi;j ¼ number of pixel pairs with inensity i; jð Þ
total number of pairs considered

The term pi,j is defined as the relative number of times
gray level pair (i,j) occurs when pixels separated by the
distance d along the angle Φ are compared. Each element is
finally normalized by the total number of occurrences
giving cooccurrence matrix P. A spatial gray level de-
pendency matrix is also called a cooccurrence matrix and is
shown in Eq. (1). Commonly used features that are
obtained from the cooccurrence matrix are energy, entropy,
correlation, inertia and local homogeneity [38].

Feature extraction

Features namely, blood vessels, exudates, and textures were
extracted from the fundus image. A brief description of
these features is given below.

Blood vessels detection

The detection of blood vessels is very important in
identification of diabetic retinopathy through image pro-
cessing approach. Morphological image processing techni-
ques were widely used in the detection of blood vessels. In
this work green channel of the fundus RGB image was used
for obtaining the traces of blood vessels. The algorithm
developed used morphological operation to smoothen the

Fig. 3 Structuring elements
with R=3 a diamond b disc
c octagon shaped

110 J Med Syst (2008) 32:107–115



background, allowing veins, to be seen clearly. Diamond
and disc structuring elements (SE) were used in this work.

The shape and size of SE is set according to image
structures that are to be extracted and SE determined by
prior knowledge through visually examining images.
Together with each morphological opening, the image is
subtracted from the image processed by the previous
morphological opening and its intensity adjusted such that
it spreads pixel intensities more evenly over the intensity
range. The intensity adjustment maps the values in intensity
image I(x,y) to new values in image J(x,y) such that 1% of
data is saturated at low and high intensities of I(x,y). This
increases the contrast of the output image J(x,y) as it
spreads pixel intensities more evenly over the intensity
range. After the series of openings, the background of the
processed image is not as noisy as the original image and
the veins can be seen clearer. Now, the perimeter and area
of the features can be easily extracted. The perimeter pixels
of the objects were obtained from a binary image [23]. A
pixel is considered a perimeter pixel if it satisfies both of
these criteria in 4 connected neighborhood.

– The pixel is on (non-zero).
– One (or more) of the pixels in its neighborhood is off.

The area of the features is determined by thresholding
the image making the background black and the features

white. Otsu’s method chooses the threshold to convert a
grayscale image to binary by minimizing the intra-class
variance of the black and white pixels [23]. Both perimeter
and area are the number of white pixels. Figure 4(b) shows
the blood vessel detected images of normal, NPDR and
PDR fundus images of Fig. 4(a).

Detection of hard exudates

Hard exudates in the retinal fundus image are distinct
yellow-white intra-retinal deposits which can vary in
its size for different stages of retinopathy. It is shown that,
the green channel of the RGB image was able to distinguish
the exudates in better way from other features [18]. The
exudates appear as the brightest and high contrast regions
in the fundus image. The method proposed by Walter et al
was adapted in the detection of exudates in this work [29].
The blood vessels appearing as dark regions in the fundus
images were removed during the detection of the exudates.
So the vessels were eliminated by the morphological
closing operation using octagon structuring element, which
is shown in Fig. 3(c). After the closing operation on green
channel of fundus image with an octagon structuring
element, we get an image with no blood vessels and some
candidate regions of the exudates. The size of the
structuring element was chosen such that it is larger than

Fig. 4 Results of normal,
NPDR and PDR (left to right)
a Original image b Blood vessel
detection c Exudates detection
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the maximum size of the blood vessel in the fundus image.
A local variance of each pixel within a window W of the
closed image was then computed. The variance image
consists of all the bright regions with varying intensity
values. But our system has to detect the brightest objects
and its borders. So applying a threshold to the variance
image, results in a binary image with the brightest object
and borders of the white objects thus detected. In order to
fill the gaps within the border of the detected exudates area,
dilation operation was applied on the binary image.

But this will results in false indication of exudates area due
to the dilation of the smaller bright objects. In order to correct
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Fig. 5 Block diagram of details used in ANN classification

Fig. 6 Box plot for a blood
vessels area, b blood vessel
perimeter, c exudates area
d texture (contrast); where
A = normal, B = NPDR,
C = PDR
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this, the dilated image was once again morphologically eroded
with the same structuring element which was used for the
dilation. This would bring back the detected smaller brighter
elements back to same area of indication. But the resultant
image is also having a brightest spot corresponding to the
optic disc. This can be removed by detecting the optic disc.

Optic disc was detected using the intensity component of
the fundus image [18, 29]. The variance image was averaged
to get the brightest pixel in the image, which was optic disc
center. Normally the diameter of the optic disc is 2.5 μm.
The optic disc occupies nearly 80×80 pixels around the optic
disc center. The circular area around the optic disc center of
the final image of the exudates detection steps is identified
and is blocked. Finally the area occupied by the only
detected exudates was computed by summing entire white
pixels. Figure 4(c) shows the detection of exudates in retinal
images for normal, NPDR and PDR respectively (Fig. 4(a)).

Contrast

The quantity contrast gives the measure of the amount of
intensity variation in the image. This is given by [38].

φ2 ¼
XN�1

i¼0

XN�1

i¼0

i� jð Þ2pi j ð2Þ

pi,j is the elements of the co-occurrence matrix shown in
Eq. (1). Contrast is 0 for a constant image. This value for
NPDR is lower than normal and PDR due to the presence
of more exudates. In PDR the variation is higher as
compared to the NPDR due to the presence of more blood
vessels and haemorrhages.

Artificial neural network classification

An Artificial Neural Network (ANN) is an information
processing paradigm that is inspired by the way biological

nervous systems, such as the brain, process information.
The key element of this paradigm is the novel structure of
the information processing system [39]. It is composed of a
large number of highly interconnected processing elements
(neurons) working in unison to solve specific problems.
Data enters at the inputs and passes through the network,
layer by layer, until it arrives at the outputs. During normal
operation, that is when it acts as a classifier, there is no
feedback between layers. Hence, it is termed as feedforward
neural networks.

If the nature of the classification is more complex, a
three layer feedforward neural network, with sigmoid
activation function is more suitable [39]. This sigmoid
transfer function is a prerequisite for the use of the powerful
backpropagation learning algorithm. In the present case, the
nature of boundary between different classes are not clearly
known, and therefore the three layer network with sigmoid
activation function is chosen as the classifier. Figure 5
shows the block diagram of the neural network classifier
used. During the training phase, the connection weights of
the last two layers are modified according to the ‘delta rule’
of the back propagation algorithm [39]. We have used four
layer feedforward neural networks. The NN architecture
had four input neurons, two hidden layers with eight
neurons each and two output neurons. The output neuron
will classify three classes as ‘01’ for Normal, ‘10’ for
NPDR and ‘11’ for PDR. The network was trained with
given set of training data and later tested with remaining
testing samples. During the training phase, each output of
the ANN is a real value in the range 0–1.0, whereas the
‘desired’ output is either 0 or 1.0. During the recall phase,
the output signal is approximated to binary levels by
comparing it with threshold value of 0.5. The mean square
error of the ANN was set to 0.001.

Results

The features such as blood vessels area, blood vessels
perimeter, hard exudates area and contrast (texture)
corresponding to three classes were extracted using the
proposed algorithms. The range of values for these
parameters is shown in Table 1. The values of blood
vessels area show the gradual increase from normal to
PDR. Similarly, the number of pixels on the borders of the
blood vessels is less in the normal group and more for the
PDR. It can also be seen from the results that, the exudates

Table 2 Results of ANN classification

Classes No. of
data
training

No. of
data
testing

No. of correctly
classified data
for ANN

Percentage
classification
(%)

Normal 30 19 19 100
NPDR 35 20 18 90
PDR 25 11 10 90.91
Average 93.64

Table 3 Sensitivity, specificity and PPA of the classifier

Classifier True positive True negative False positive False negative Sensitivity Specificity Positive predictive accuracy

ANN 28 19 0 3 90.32% 100% 100%
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area is zero for all the normal images indicating that there is
no exudates in them. The contrast values are high for the
normal and PDR case, due to the high variation in the pixel
intensity.

The p-value can be obtained using ANOVA (ANalysis
Of VAriance between groups) test. ANOVA uses variances
to decide whether the means are different. The result of
ANOVA test of perimeter and area for different kinds of
images is shown in Table 1 and Fig. 6. It can be seen from
the Table 1 that, our features are clinically significant (p<
0.0001). The graphical representation of the features as
shown in the box plot for the three classes is shown in
Fig. 6. We can clearly understand from the box plot that,
median values are distinct for each group for the three
parameters.

The results of the ANN classification is shown in
Table 2. The training consisted of 4,000 iterations. Table 3
shows the result of sensitivity, specificity, accuracy, positive
predictive values for the three classes of eye images using
neural network classifier.

Our results show that the classifier is able to identify all
the normal class. In the case, of NPDR and PDR, our
classifier is able to identify their class up to 90%. The
sensitivity of the system is 90% and specificity is 100%,
indicating that the result is clinically significant.

Discussion

An automated screening system was developed to analyze
digital colour retinal images for important features of non-
proliferative diabetic retinopathy (NPDR) [30]. Recursive
region growing segmentation algorithms combined with the
Moat Operator, was used to automatically detect features of
NPDR. The algorithm achieved a sensitivity of 77.5% and
specificity of 88.7% for detection of haemorrhages and
microaneurysms. The sensitivity and specificity for exudate
detection were 88.5 and 99.7%, respectively.

Wang et al have used colour features on Bayesian
statistical classifier to classify each pixel into lesion or non-
lesion classes [21]. Experimental results indicate that, they
were able to achieve 100% accuracy in terms of identifying
all the retinal images with exudates, while maintaining 70%
accuracy in correctly classifying the truly normal retinal
images as normal.

A computer system was developed using image process-
ing and pattern recognition techniques to detect early
lesions of diabetic retinopathy (hemorrhages and micro-
aneurysms, hard exudates, and cotton-wool spots) [35].
This system was able to diagnose diabetes retinopathy with
an accuracy of more than 90%. Classification of non-
proliferative diabetic retinopathy (NPDR) based on the
three types of lesions namely, hemorrhages and micro-

aneurysms, hard exudates, and cotton-wool spots was
proposed [32]. This method was accurate in classifying
the different stages to the tune of 82.6, 82.6, and 88.3%.

The recent work by Wong et al [25] have classified
normal and three stages of diabetic retinopathy as moderate,
severe and very severe or PDR with an accuracy of 84%
and sensitivity of 91%.

Our system is more comprehensive as compared to the
other works discussed so far. Our system can automatically
detect the three classes with an average efficiency of 93%.
It also, detects diabetic retinopathy in an early stage
(NPDR) with an accuracy of 90% and hence helps in
preventing the loss of vision.

In this work, we have used 140 fundus images. The
clinical efficiency of our system can be improved by taking
more retinal images under uniform lighting conditions with
same orientation. And also, the system can identify the
unknown class better by using few more features such as
microaneurysms and hemorrhages etc.

Conclusions

In this work we have investigated and proposed a
computer-based system to identify normal, NPDR and
PDR. The system proposed demonstrated a classification
accuracy of 93%, sensitivity of 90% and specificity of
100%. The results demonstrated here indicate that the
system can help the ophthalmologist to detect diabetes
retinopathy at the early stage and hence enables laser
therapy to be performed to prevent or delay visual loss. The
accuracy of the system can be further improved using more
input features, diverse images and good environmental
illumination conditions.
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