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Abstract:
Diabetic neuropathy is a medical condition caused
by modification within the nerves of the tissue layer.
Once the nervesin the tissue layer get broken then it
creates exudates and new weaknerves are formed within
the tissue layer. In severe cases it results in
nerveimparities. Therefore it is crucial to sight this
condition at an early stage. In this paper we have
developed a way to detect diabetic neuropathy and
classify it. The projected technique consistsof 3 stages -
image processing, feature extraction and classification.
The pre-processing stage consists of smart Edge
Detection and bar graph leveling ways to enhance the
feature enhancement of the given input image. In the
second stage, we used gray-level co-occurrence
matrix(GLCM) for feature extraction and spatial
property reduction. In third stage, support vector
machines (SVM) and neural networks (NN) are used to
classify the pictures.

Key terms—Neural networks, SVM, diabetic
neuropathy.

I. INTRODUCTION
These days vision defect in individuals has
increased a lot in several countries because of
change in the eating habits of the people. As per
World Health Organization (WHO) report, on a
global level 422 million people are suffering from
diabetes and this number is expected to reach 500
million by the end of the next decade.There is a lot
of research going over how to detect cases of
diabetic neuropathy as it is very difficult and time
taking to detect it manually. For the sake of
research, a lot of fundus images were collected from
ophthalmologists. Abasic method based on image
analysis and different classifiers were studied by
Ege B.M. et al [1] in 2000. They found out that

Mahalanobis classifier gave best results as
compared to the other classifiers. Osareh A. et al
[2]in their 2001 research devised a method to detect
exudate regions in fundus images by utilizing fuzzy
c-means clustering and thereby classify the region
into exudates and non-exudates using neural
network classifiers. In 2007, Niemeijer M. et al [3]
projected an automated system capable ofdetecting
exudates and cotton-wool spots in colour pictures.
Theirapproach uses receiver operating
characteristics (ROC) as a metric and classifies the
images using k nearest neighbours. In 2010,
Abramoff et al [4] analysed the performance of two
algorithms for early diabetic neuropathy detection
using the measures of the area under the receiver
operating characteristic curve (AUC), sensitivity
and specificity of Diabetic Neuropathy detection.In
2010, Silberman N. et al[5] used support vector
machines (SVM) to detect exudates and optical
discs.Gowda A. et al [6] used back propagation
neural network to detect the exudates in fundus
images.Kavitha S. and Duraiswamy K. [7, 8]
emphasised on automated methods to automatically
detect exudates on colour fundus images by using
either image processing techniques. They used an
automated classifier based on Adaptive Neuro-
Fuzzy Inference System (ANFIS) to distinguish
between normal and non-proliferative eyes from the
quantitative assessment of monocular fundus
images. In the proposed method, we use an
automated system to classify diabetic neuropathy
(DR) images. The system has been divided into
three stages pre-processing, feature extraction and
classification. In the first stage, image pre-
processing techniques such as resizing, colour to
gray conversion, removal of optic disc, canny edge
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detection and histogram equalization methods have
been applied. In the second stage, GLCM features
have been extracted. In the third stage, we have
selected SVM and NN as classifiers to classify the
image into diabetic or non-diabetic images. The
experimental results show that SVM has a better
performance as compared to neural networks. In the
remaining paper we present the brief description
about diabetic neuropathy in section 2. Section 3
describes the methodology which has been used in
this work. Section 4 shows the comparison of SVM
and NN for classifying the input image as DRP or
NDRP. Section 5 gives the future scope of the
present work.

II. DIABETIC NEUROPATHY
Diabetes mellitus is a chronic, lifelong condition
that affects the patient’s body’s capability of using
the energy found in food. Diabetic neuropathy is a
condition which occurs in people suffering from
diabetes. It causes progressive damage to nerves. It
happens because of too much sugar in the blood
which damages the blood vessels in the retina.
When these tiny blood vessels start leaking blood or
other fluids, it causes diabetic neuropathy. It causes
the tiny blood vessels to swell resulting in cloudy or
blurred vision. The longer the person has diabetes,
the more likely they will develop diabetic
neuropathy. If left untreated, it causes severe health
issues. There are mainly two type of diabetic
neuropathy disease: Diabetic Neuropathy
Proliferative and Diabetic neuropathy non
proliferative.

i) Diabetic Neuropathy Non-Proliferative
(DRNP)
DRNP is the earliest stage of diabetic neuropathy.
In this condition, damaged blood vessels begin to
leak extra fluid and small amount of blood. It can
cause the following changes.

Micro aneurysms: small bulges in blood vessels of
the retina that often leak fluid.

Retinal haemorrhages:tiny spots of blood that leak
into the retina

Hard exudates:deposits of cholesterol or other fats
from the blood that have leaked into the retina

Macular edema:swelling or thickening of the
macula caused by fluid leaking from the retina’s
blood vessels. The macula does not function
properly when it is swollen.

Macular Ischemia:small blood vessels close. The
vision blurs as the macula no longer receives
enough blood to work properly.

III. THE AUTOMATED METHOD
We propose an automated system to classify fundus
images of diabetic neuropathy into 2 types: diabetic
neuropathynon proliferative and proliferative. This
methodology is split intothree stages: 1) image pre-
processing; 2) feature extraction; and 3)
classification. In Figure 1 we have depicted these
stages.

Figure 1: Automated algorithm

A. Image Processing:
The aim of this stage is to eliminate the noise and
prepare the images for the next stage. After resizing
the images and converting the colour images to
grayscale image we perform removal of optical disk
and then go for canny edge detection and histogram
equalization.

Optic Disk Removal
The red channel of the fundus image is used to
extract the optic disk region in the image.
Mathematical morphological closing operation is
used to remove the blood vessels within the optical
disk. It is given by the equation: ( , ) = . = ( ( , − ), − )
Where A is the red channel of the image, B is a
10x10 symmetrical disc structuring element to
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remove the blood vessels, and IS represents the
resultant vessel free, smoothed output image. Now
the smoothed image contains only exudates, micro
aneurysms and optical disk. The optical disk is
always positioned at the left half or the right half of
the image in the centred area. A sub image
containing the optical disk is extracted by extracting
the central row and the adjacent rows.

Canny edge detector
The Canny edge detection is a multi-stage process.
In the first stage the image is smoothed by Gaussian
convolution. This is followed by a 2-D first
derivative operator being applied to the smoothed
image in order to highlight regions of the image
with high first spatial derivatives. Edges give rise to
ridges in the gradient magnitude image. The
detector then tracks along the top of these ridges
and sets to zero all pixels which are not exactly on
the ridge top thereby producing a thin line in the
output.This process is also known as non-maximal
suppression. The tracking process exhibits
hysteresis controlled by two thresholds: T1 and T2,
with T1>T2. Tracking can only begin at a point on a
ridge higher than T1. Tracking then continues in
each direction out from that pixel till the height of
the ridge falls below T2. This process helps to
assure that noisy edges are not broken up into
multiple edge fragments. The Sobel operator
performs a 2-D spatial gradient measurement on an
image. Then, the approximate absolute gradient
magnitude at every pixel can be found. The Sobel
operator uses a combination of 3x3 convolution
masks, one estimating the gradient within the x-
direction (columns) and the other estimating within
the gradient in the y-direction (rows). The
convolution masks are shown in Fig 2 below.

Figure 2:Convolution masks

To approximate the magnitude or edge strength of
the gradient the following formula is used:| | = | | + | |
Edge tracking is enforced by BLOB-analysis
(Binary Large Object). The edge pixels are divided
into connected BLOB’s using 8-connected
neighbourhood. BLOBs containing a minimum of

one robust edge component are then preserved
while other BLOB’s edge pixels are supressed.

Histogram Equalization
It is a method for adjusting image intensities in
order to enhance contrast.

Fig 3. Image Preprocessing stage a)normal image b)
canny image, c) histogram equalized image

B. Feature Extraction:
Gray-level co-occurrence matrix (GLCM) is the
statistical method of analysing the textures that
considers the spatial relationships of the pixels. The
GLCM functions characterize the texture of an
image by computing the frequency at which pair of
pixels with specific values and in a specified spatial
relationship occur in an image, creating a GLCM,
and then extracting statistical metrics from this
matrix. By default, the spatial relationship is
defined as the pixel of interest and the pixel to its
immediate right. Everycomponent (i, j) in the
resultant GLCM is just the sum of the number of
times that the pixel with value i occurred in the
indicated spatial relationship to a pixel with value j
in the input image.A GLCM is a matrix where the
number of rows and columns is equal to the number
of gray levels, G, in the image.The matrix elementP(i, j|∆x, ∆y)is the relative frequency separated by a
pixel distance (∆x, ∆y). Matrix element also
represented as P (i, j| d,) which contains the second
order probability values for changes between gray
level I and j at distance d aparticular angle  .
Various features are extracted from GLCM, G is the
number of gray levels used and  is the mean value
of Px,x and y are the means and standard
deviations of Px and Py. Px (i) is the ith entry
obtained by summing the rows of P (i, j):( ) = ( , ) ( ) = ( , )

= ( ) = ( )
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= ( ( ) − ( ))
= ( ( ) − ( ))

By using following equations, we can calculate the
different textural features that can be used to train
the classifier.

Homogeneity (Angular Second Moment)= { ( , )}
Contrast = ( , ) , | − | =
Inverse Difference Moment= 11 + ( − ) ( , )
Entropy = − ( , ) × ( ( , ))
Correlation

= { × } × ( , ) − { × }×
Variance = ( − ) ( , )
Sum Average = ( )
Sum Entropy= − ( )log( ( ))
Difference Entropy

= − ( )log( ( ))
Inertia = ( − ) × ( , )
Cluster Shadeℎ = { + − − } × ( , )
Cluster Performance= { + − − } × ( , )
C. Machine learning:
This stage is used to classify the images either

DRP or DRNP based on the input GLCM features.

Neural Networks
Neural networks (NNs) areone of the foremost used
strategies for learning tasks. This techniqueis based
on the observation of biological neural
systemswhich areformed by sets of units known as
neurons or nodes that are interconnected. Usually
the design of a man made neural network is split
into 3 elements known as layers. Theselayers
areknown as the input layer, hidden layers, and the
output layer.The manner during which a man-made
neural network works is asfollows: every node
(except for the input nodes) receives theoutput of all
nodes within the previous layer and produces its
ownoutput that then feeds the nodes within the next
layer. Detailsfor this technique are often found in
[8].

Support vector machines:
Support Vector Machines (SVMs) are part of the
computational learning theory for Structural
Riskminimization principlefrom process learning
theory. This principle providesa formal mechanism
to pick a hypothesis from ahypothesis for learning
from finite learning training sets. Theaim of SVMs
is to reckon the hyper plane that best separatesa set
of learning examples, and 2 cases got to be
handled:the linear case and also the non-linearcase.
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Theoptimal hyper plane maximizesthe sum of the
distances to theclosest positiveand negative
coachingexamples (consideringonly 2 classes).

Conclusion
We tested the proposed approach using a training
database of 151 fundus eye pictures of size of
2588×1958 pixels. These pictures were manually
classified into 2 groups: diabetic neuropathy non-
proliferative (class 1) and therefore the remaining
forty two as diabetic neuropathy proliferative (class
2). Additionally, we tested different image
resolution sizes, i.e. 490×490, 979×979 and
1958×1958 pixels, thatwere labelled as R1, R2 and
R3,
respectively. For the image processstage, we have
used the canny edge detector and histogram
equalization methods for all images that are
implemented in Matlab. The metrics used to
evaluate the performance of the machine learning
methods were precision, recall, and f-measure,
defined as follows:

precision = TP/ (T P + F P) ………………. (5)

recall = TP/ (F N + T P) …………….. (6)
F−measure=2×(recall×precision)/

(recall+precision)where T P (True Positive) is that
the range of correctpredictions of a positive
example, F P (False Positive) is that thenumber of
incorrect predictions of a positive example, T
N(True Negative) is that the range of correct
predictions of anegative instance and F N (False
Negative) is that the range ofcorrect predictions of a
positive instance.Tables I and II show the results for
every machine learningalgorithm and image process
technique, testing database set oneand database set
two, in detail. These results were obtained
byaveraging those of 10 runs of 10-fold cross-
validation foreach technique.Analysing the results,
we are able to observe that SVM obtained the best
results for each database set with 63.9 and 68.6,
accuracy.For the case of database one, this best
result was obtained using the histogram
equalization technique, whereas for database 2 the
best performance was obtained using the Canny
edge detector. We canalso observe that the most
effective results were obtained with R1 andR2, i.e.
using imagesof 409×490 and 979×979.
Examiningthe results considering the amount of
PCs, we are able to say thatthe histogram

equalization technique needs fewer
computationsthan the Cannyedge detector to get
higherclassification results. Finally in figure three
we tend to compare the most effective results
foreach machine learning formula using each
database. Fromthis graph we are able to observe
that the algorithm improved theperformance
slightly. Also, we are able to observe that NNs and
SVMs obtained nearly identical results.
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