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Adaptive Neuro-Fuzzy Inference System Approach for the
Automatic Screening of Diabetic Retinopathy in Fundus Images
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Abstract: Problem statement: Diabetic retinopathy is one of the most significant factors contributing
to blindness and so early diagnosis and timely treatment is particularly important to prevent visual loss.
Approach: An integrated approach for extraction of blood vessels and exudates detection was
proposed to screen diabetic retinopathy. An automated classifier was developed based on Adaptive
Neuro-Fuzzy Inference System (ANFIS) to differentiate between normal and nonproliferative eyes
from the quantitative assessment of monocular fundus images. Feature extraction was performed on
the preprocessed fundus images. Structure of Blood vessels was extracted using Multiscale analysis.
Hard Exudates were detected using CIE Color channel transformation, Entropy Thresholding and
Improved Connected Component Analysis from the fundus images. Features like Wall to Lumen ratio
in blood vessels, Texture, Homogeneity properties and area occupied by Hard Exudates, were given as
input to ANFIS.ANFIS was trained with Back propagation in combination with the least squares
method. Proposed method was evaluated on 200 real time images comprising 70 normal and 130
retinopathic eyes. Results and Conclusion: All of the results were validated with ground truths
obtained from expert ophthalmologists. Quantitative performance of the method, detected exudates
with an accuracy of 99.5%. Receiver operating characteristic curve evaluated for real time images
produced better results compared to the other state of the art methods. ANFIS provides best
classification and can be used as a screening tool in the analysis and diagnosis of retinal images.
Key words: Monocular fundus, CIE color space, connected component analysis, Computer-Aided
Diagnosis (CAD), Gabor filter, automatic exudates, optic disk, lipids leaking, blood
vessel, fundus images, True Negative (TN)
INTRODUCTION
Early diagnosis and accurate staging are essential
prerequisites for effective treatment of Diabetic
Retinopathy and reduction of visual disability risk.
Diabetic Retinopathy can lead to several abnormalities
like micro aneurysms, hemorrhages and exudates. This
work focuses on exudates detection because it provides
information about early diabetic Retinopathy. Exudates
manifests as hard white or yellowish localized regions
with varying sizes, shapes and locations. Main cause of
Exudates is proteins and lipids leaking from the blood
stream into the retina via damaged blood vessels.
Current methods of detection and assessment of DR is
expensive and require trained ophthalmologists. In the
proposed approach, automatic exudates detection is
presented in order to detect and treat DR in an early
stage using fundus images. Screening of diabetic
patients for the development of diabetic retinopathy can
potentially reduce the risk of blindness in these patients

by 50% (Ege et al., 2000; Hove et al., 2004; Hsu et al.,
2001). A novel approach utilizing Shannon entropy
other than the evaluation of derivates of the image is
used in detecting edges in gray level images (Singh and
Singh, 2008). Computer-Aided Diagnosis (CAD)
(Suzuki et al., 2005) has been an active area of study in
medical image analysis, because evidence suggests that
CAD can help improve the diagnostic performance of
clinicians in their image interpretations. The major
blood vessels are detected first and intersection of this
is used to find the approximate location of the optic
disk and localized using color properties (Ravishankar
et al., 2009).
Optic disc boundary is traced using green channel
component in the color fundus images (Reza et al.,
2009). Adaptive-Network-based Fuzzy Inference
Systems is used in the system to identify the authorized
and unauthorized people for secure buildings (Wahyudi
et al., 2007). Feature extraction of small blood vessels
is performed using Gabor filter responses. Tracing of
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vessels (Wu et al., 2006) is done via forward detection,
MATERIAL AND METHODS
bifurcation Identification and backward verification.
All the digital retinal images used in this work
Sinthanayothin et al. (2002) reported the result of an
were
obtained from Topcon TRC-50 EX non mydriatic
automated detection of diabetic retinopathy on fundus
camera
with a 50° field of view at Aravind Eye
images by recursive region growing segmentation
hospital,
Madurai. The image size is 1900x1600 pixels
algorithm. The Fuzzy C-Means (FCM) clustering
which
were
digitized at 24 bits true color images.
algorithm is used to classify the features vectors into
vessel or non-vessel based on the texture properties
Preprocessing: Preprocessing of retinal images is the
(Bhuiyan et al., 2007).
first step in the automatic diagnosis of retinal diseases.
GUI was developed on Matlab to model laser
Color fundus images are resized to a standard size of
machining process using Adaptive Network based
576 ×720pixels. Retinal images are filtered using a gray
Fuzzy Inference System (Sivarao et al., 2009).
scale opening with disc shaped structuring element with
Optimally adjusted morphological operators are used
diameter larger than maximum width of retinal vessels.
for exudates detection on diabetic retinopathy patients
The opened image is then subtracted from the original
with non-dilated pupils and low-contrast images
image to obtain enhanced image.
(Sopharak et al., 2008). Hemorrhages and exudates were
automatically detected in fundus images and blood vessel
Feature extraction: Features extracted are wall
to
regions were eliminated by examining the structure of
Lumen ratio of retinal arterioles in blood vessels, Area
the blood vessels and then evaluating the length-to-width
of exudates, textural and Homogeneity properties.
ratio (Hatanaka et al., 2007). Hard exudates extraction is
carried out using two features of lesions namely color
Multiscale blood vessel extraction: Changes in retinal
(Sanchez et al., 2004) using statistical classification and
Blood Vessels represents progression of the disease.
its sharp edges using edge detector. Exudates and optic
Multi scale techniques helps in isolating information
disc regions are higher in intensity, so contrast
about objects by considering geometrical features at
enhancement technique tends to assign them the highest
different scales. Features are obtained by convolving
intensity values (Osareh et al., 2003).
the original image I (x, y) with a Gaussian kernel
The sorting system is constructed based on the idea
G(x.y):
of hierarchical grading approach and the HIS with
multilevel knowledge representation (Yen and Leong,
L(x, y) = I(x, y) ⊗ G(x, y)
(1)
2008). Zhang and Chutatape (2005) use local contrast
enhancement and fuzzy c means clustering in the LUV
Where:
color space to segment candidate bright lesion areas and
−x −y
hierarchical SVM’s are used for classification. Features,
1
2s
G(x, y) =
e
namely intensity, standard deviation on intensity, hue
2πs 2
and a number of edge pixels are extracted to supply as
input parameters to coarse segmentation using FCM
and s is the scale parameter.
clustering method and then fine-tuned with
Second partial derivative at each pixel in the image
morphological techniques to detect exudates. Blood
is calculated. Hessian matrix is formed and smallest
vessels are enhanced by matched filter and filter
eigen value is found. By thresholding the image formed
response image is processed by a thresholding scheme
by the smallest Eigen value at each point a vessel
in order to extract the blood vessel from the background
pattern image is arrived at. Overall integration is based
(Quing, 2004).
on extracting the information by finding the local
ANFIS provides a method for the fuzzy modeling
maxima over scales and calculated the Wall to Lumen
procedure to learn information about a dataset, in order
ratio by analyzing the inner and outer diameters of
to compute the membership function parameters that
retinal arterioles. Outer diameter of the retinal arteriole
best allow the associated fuzzy inference system to
is assessed in reflection images and the inner diameter
track the given input/output data (Jang et al., 2004).
is assessed in perfusion images and the wall-to-lumen
The optimal input set is determined based on the
ratio is then calculated according to the formula (outer
response table and ANOVA through orthogonal array
diameter-inner
diameter/inner
diameter).
This
experiments and designed with ANN and fuzzy logic
parameter is a key indicator for diagnosis of diseases
system to distinguish between normal and abnormal
like Diabetic Retinopathy, hypertension and various
eyes (Huang et al., 2007). Adaptive-Network-based
vascular disorders. The increased Wall to Lumen ratio
Fuzzy Inference Systems is used in the system to
is a significant factor for an early sign of hypertensive
identify the authorized and unauthorized people for
secure buildings (Wahyudi et al., 2007).
retinopathy.
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Texture analysis: Adaptive Histogram equalization is
performed on the green channel component of the
fundus images. Entropy is then calculated from the
preprocessed fundus images. The value of the entropy
is low if the same pair of pixels appears frequently and
high if all the grayscale or color levels are faintly
represented.
Homogeneity: Gray Level Co-Occurrence Matrix
(GLCM) is a tabulation of how often different
combinations of pixel brightness values (gray levels)
occur in a pixel pair in an image. Returns a value that
measures the closeness of the distribution of elements
in the to the GLCM diagonal. Each element (i,j) in
GLCM specifies the number of times that the pixel with
value i occurred horizontally adjacent to a pixel with
value j. The resulting matrix was analyzed and based on
the existing information, the characteristics vectors
associated to the matrix was determined:
P ( i, j)

∑1+ 1− j

(2)

i, j

Each field contains a 1x p array where p is the
number of gray level cooccurence matrix in GLCM.
Exudates Detection: Color channel transformation:
To overcome the drawback of RGB color space in high
level processing and to achieve perceptual uniformity,
CIE color space is used in the proposed work (Fig. 1).
Preprocessing: Retinal images were processed using a
preprocessing stage. A 3×3 median filter is used to
remove the noise and Contrast limited Histogram
Equalization was applied for contrast enhancement in
order to easily identify the exudates pixels.
Optic disc elimination: OD has similar characteristics to
that of Exudates like contrast, bright intensity and sharp
boundaries with the background. Optic disc detected
using Region of Interest and Connected Component
analysis is eliminated and it is used as a mask.

Entropy thresholding: An efficient entropy
thresholding method based on gray tone spatial
dependency matrix is used to find optimal threshold as it
takes into account the spatial distribution of gray levels
and preserves the spatial structures in threshold image.
The gray level co-occurrence matrix of the image F is a
M xN dimensional matrix G= [Cij]MxN gives an idea
about the transition of intensities between adjacent
pixels, indicating spatial structural information of an
image. Depending upon the ways in which the gray level
i follows gray level j, GLCM is obtained as follows:
M

N

Cij = ∑∑ δ

(4)

l =1 k =1

Where:
 f (l, k) = i and f (l, k + 1) = j 


δ = 1if 
(or)

f (l, k) = i and f( l + 1,k ) = j 



δ= 0, otherwise
The probability of co-occurrence Pij of gray levels i
and j can be written as:
P ij =

C ij
∑ ∑ C ij
i

(5)

j

The second order entropy of the object is given by:
1 g t A
A
(2)
H A (g) = − ∑ ∑ P ij log 2 P ij
2 i = 0 j= 0

(6)

Similarly, the second order entropy of the
background is given by:
1 L −1 L −1 C
( 2)
C
∑ P ij log 2 P ij
H C (t) = − 2 i =∑
g +1 j = t +1

(7)

Blood vessels removal: Closing operation is performed
on the color channel to eliminate the vessels that remain
in the optic disc region. Closing of the image A by the
structuring element B is denoted as:

The total second order local entropy the object and
the background is given by:

A.B = [A ⊕ B] ⊙ B

H T (g, t) = H A (g) + H C (t)

(3)

( 2)

(2)

(2)

(8)

Closing of A by B is the dilation of A by B
which gives the optimal threshold for object and
followed by the erosion of the result by B.
background classification.
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Fig. 1: Block diagram for exudates detection
Table 1: Performance analysis of retinal images for exudates detection
Ground
detected
Images
truth pixels
pixels
TP
FP
FN
G1
3750
3793
3739
54
11
G2
1279
1267
1243
24
36
G3
4811
4722
4673
49
338
G4
4112
4213
4093
120
19
G5
1320
1891
1304
587
16
G6
930
1078
917
161
13
G7
2315
2422
2294
128
21
G8
941
1492
929
563
12
G9
4634
5010
4597
413
37
G10
5176
5211
5132
79
44

Improved connected component labeling: Individual
objects are isolated separately by using eight connected
neighborhood and label propagation. In order to obtain
the lesion object the holes inside the boundary are filled
using the morphological filling operation on the binary
image. Image obtained after closing operation is
complemented and component labeling is done so as to
count the number of exudates (Fig. 2) and also to find
the area occupied by the exudates.
Sensitivity = TP/(TP+FN) = 99%
Specificity = TN/ (TN+FP) = 99.78%
Accuracy = (TP+TN)/(TP+FP+FN+TN) = 99.5%

TN
225916
220810
211213
273344
269757
234032
245831
254667
235980
238872

sensitivity
(%)
99.70
97.18
97.10
99.50
98.70
98.60
99.00
98.72
99.20
99.10

specificity
(%)
99.90
99.98
99.97
99.95
99.70
99.93
99.94
99.70
99.80
99.96

accuracy
(%)
99.97
99.97
99.82
99.94
99.97
99.92
99.93
99.77
99.81
99.94

Adaptive Neuro-Fuzzy Inference System (ANFIS):
ANFIS integrates the best features of Fuzzy Systems
and Neural Networks and provides smoothness due to
the Fuzzy control interpolation, adaptability and Neural
Network Back propagation.
Design of ANFIS: ANFIS depends on the sizes of the
training set and testing set. In this work training and
testing set were formed by 120 and 80 data. 120 data
(40 normal and 80 abnormal cases) was used for
training and the remaining 80 data (30 normal and 50
with exudates) was used for testing. ANFIS was
implemented with MATLAB software. Features from
blood vessels, area of exudates, entropy, and
Homogeneity properties were given as input to ANFIS.
Classification was carried out in two steps using ANFIS:

Performance of the method was evaluated by
comparing the detection result with ophthalmologist’s
• Training
hand-drawn
ground truth (Table 1). True Positive
• Testing
(TP) is defined as the number of exudates pixels
correctly classified. False Positive (FP) is the number of
Training: The system is loaded with the statistical
non-exudate pixels which are incorrectly classified as
features of the fundus images along with the desired
exudates pixels. False Negative (FN) is the number of
output from the workspace for training the network.
exudates pixels that were not detected and True
The Fuzzy Inference System generated (Fig. 3) creates
Negative (TN) is the number of non-exudates pixels
an initial model for ANFIS training by first applying
correctly classified.
subtractive clustering on the data. If-then rules were
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generated from ANFIS (Fig. 4) and Membership
functions are almost consistent for individual
parameters before and after training in ANFIS. The
train FIS optimization methods are chosen as hybrid
since it includes least square type along with back
propagation gradient descent algorithm which trains the
membership function parameters to emulate the training
data. When the training error goal is achieved, the
training process stops and average training error (Fig.
5) is noted. The structure is of the FIS is created and the
training data versus FIS output (Fig. 6) is plotted.
Testing: The next step is to test the created model with the
help of test data. The test data is loaded from the
workspace. The testing data versus FIS output (Fig. 7)
gives a clear view of classification and the testing error.

Fig. 4: If then rules generated from ANFIS

Fig. 5: Training error
Fig. 2: Steps in exudates detection using GUI

Fig 3: Generated ANFIS structure

Fig. 6: Training data versus FIS output
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clinical diagnosis. There are a very few researches
available with ANFIS application but only with OCT
images. Hence a new method has been presented for the
detection of exudates with Fundus images. ANFIS was
preferred since it utilizes the mathematical properties of
artificial in tuning rule based systems that best
approximates the way human beings process the
information. Though the results are good in the work
the difficulty lies in choosing the variables to be used as
input to ANFIS. Clinician’s knowledge and interpretive
skills are irreplaceable. ANFIS results can definitely
provide assistance in making decisions on retinopathic
eye diseases.
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CONCLUSION

Fig. 8: Performance curve generated by ANFIS
The Membership functions are generated by
ANFIS as per the applied input and desired output. The
average training error for 100 images and testing error
for 50 images are 0.61623 and 0.68864 respectively.
(Fig. 8) shows the Receiver operating Characteristic
curve generated by ANFIS.

An automated system has been successfully
developed which is able to detect the exudates in the
fundus photographs with the performance approaching
that of trained clinical observers. It has been found that
the exudates can be detected irrespective of the stages
of its growth. The method is found to reduce the
manual effort and ANFIS technique can provide
assistance in making decision on exudates diagnosis.
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