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Abstract: Diagnosis of Diabetic Retinopathy is a critical step in the segmentation of retinal blood vessel in the Retina.
Diabetic Retinopathy is a leading foundation of vision loss in diabetic patients. Diabetic Retinopathy mainly caused due to
the damage of retinal blood vessels in the diabetic patients. It is imperative to detect and segment the retinal blood vessels
for Diabetic Retinopathy detection and diagnosis, which prevents earlier vision loss in diabetic patients. In this paper, we
present a new method for automatically segmenting blood vessels in retinal fundus images. Depend on the segmenting
methods, their strengths and weaknesses are estimated; we proposed a hybrid algorithm that combines the confidence
outputs of each basic algorithm. The performance of each algorithm was tested on the DRIVE dataset and achieved
73.43% sensitivity, 97.77% specificity, 94.46% accuracy, and 83.85% precision.
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INTRODUCTION:

All over the world, there are several health disorders
influencing people of all ages.One of most prevalent
disorders is diabetes. People with diabetes are prone to be
affected by Diabetic Retinopathy. Diabetic Retinopathy is
the major cause of new-onset blindness among adults aged
20-74 years. Affects up to 80% of people who have had
diabetes for 10 years or more. Diabetic Retinopathy causes
retinal abnormalities in the form of micro aneurysms,
hemorrhages, and exudates, which are the various types of
disorders caused due to the damage of blood vessels in the
retina. The retinal blood vessels emerge from the center of
Optical Disk (OD) and extend over the region of the retina.
According to the World Health Organization (WHO),
screening retina for Diabetic Retinopathy is mandatory for
diabetic patients and will reduce the burden of disease [5].
However, retinal images can be difficult to interpret, and
computational images analysis offers the potential to
increase efficiency and diagnostic accuracy of the screening
process.

Automatic blood vessel segmentation from retinal fundus
images can help speed diagnosis and improves the
diagnostic performance of less specialized physicians and
reduce the physician’s workload. An essential step in
feature extraction is blood vessel segmentation of the
original fundus images. Many algorithms have been
developed to accurately segment blood vessels from images
with a variety of underlying pathologies and a variety of
ophthalmic imaging systems.

This project mainly focuses on developing existing retinal
blood vessel segmentation techniques and algorithms,
comparing their performance, and combining them to
achieve most accurate results and superior performance. For
this project, the digital retinal images for blood vessel
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extraction (DRIVE) dataset retinal images can be used. This
dataset contains 40 images, 20 for training and 20 for
testing.These images were manually segmented by two
trained researchers.

Retinal vessel segmentation has been heavily researched.
There are several approaches to the retinal segmentation.
Among these approaches, some basic vessel segmentation
algorithms were chosen for implementation in this project.
These methods can process different image processing
techniques and each algorithm can offer different
advantages and disadvantages in vessel segmentation.
Based on these hasic algorithms properties we can develop a
hybrid algorithm.

RELATED WORKS:

There are several basic vessel segmentation algorithms have
been developed. In those algorithms, some basic algorithms
chosen for implementing this project. Those are

Matched Filtering

Supervised Pattern Recognition
Scale-Space Analysis
Multi-Scale Edge-Detection
Morphological Processing

In this section, a detailed description about these basic
vessel segmentation algorithms is presented

Matched Filtering:

Matched filtering is a basic blood vessel segmentation
technique has first been developed in 1989. Q. Li et al.
proposed a multi-scale matched filtering method to solve
this problem. Matched filtering is a simple yet effective
method for vessel extraction. However, matched filtering is
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responsible not only to vessels but also to non-vessel edges.
Among the various retinal vessel extraction techniques,
matched filtering technique is an effective one and it has
advantages of simplicity. The matched filtering method
segments vessels by simply using filtering and thresholding
the original image.Later, based on this method several
different algorithms were developed [2]. The matched
filtering and related algorithms are based on the conditions
from the retinal blood vessels [11] [14]. They are Usually in
retina the blood vessels have limited curvature. Considering
that the cross section of a blood vessel can be modeled as a
Gaussian function. The series of Gaussian shaped filters can
be used to match the blood vessels for the detection. Their
function can be approximated by a Gaussian curve function:

dZ
fx,y)=A (1 —k.exp (— 2—02>>

Where d is the perpendicular distance between the point (X,
y) and the straight line passing through the center of blood
vessel in a direction along its length, and o is spread of
intensity profile, A is the gray-level intensity of the local
background and k is a measure of reflectance of the blood
vessel related to its neighborhood.

For the implementation of matched filtering
algorithm, a 2-dimensional matched filter of Gaussian
functions is used. Several different filters are implanted in
15° increments to cover all directions. These filters are
generally kernel filters, these kernel filters have a o of 2 and
are truncated to a neighborhood. The mean value of each
kernel is then subtracted from it. After that these kernels are
used as a convolution mask across the retinal image. The
filter that generates maximum result is considered and
corrects the wvessel orientation.On implementing the
matched filtering algorithm, the image is further processed
based on area and proximity of detected regions of the
image. The Fig. 1 shows the results of matched filtering
algorithm.

Fig.1. Sample result for matched filtering algorithm on
image from DRIVE dataset. True positives (green), false
positives (red), false negatives (blue), true negatives (black).

Supervised Pattern Recognition:

Several pathologies affecting the retinal vessel structures
due to diabetic retinopathy that can be found in retinal
images. Blood vessel segmentation from retinal fundus
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images plays a crucial role for diagnosing the diabetic
retinopathy. The supervised pattern recognition method
performs well on the problem of blood vessel segmentation.
It performs based on the method of pixel-based
classification.The supervised pattern recognition method
adapted from the work of Mar'mn et. al. [3] [10].The main
disadvantage of this method is that the ground-truth classes
from training set are required.

1) preprocessing: In following with the work of Mar'm et.
al. there are three pre-processing steps are applied to the
fundus image before the features are extracted. The first pre-
processing step is morphological opening with a three-pixel
diameter structuring element to reduce the effect of the
central vessel light reflex. The second pre-processing step is
background homogenization, which produces the uniform
background gray level across the entire set of images. The
third pre-processing step is top-hat transformation on the
complement of the image using an eight-pixel radius disk as
the structuring element. In this step the dark regions in the
original image is enhanced, including the blood vessels,
while removing the brighter regions such as the optic disk.

2) Neural network classifier: The neural network classifier
is used to classify each pixel in the test image as vessel or
non-vessel. The feature vector associated with each pixel
includes seven features, five based on local gray-level
information and two based on the Hu moment invariants.
Hu moment invariants are selected for their scale and
rotational invariance.

Fig 2: sample result for a neural network algorithm on
image from DRIVE dataset. True positives (green), false
positives (red), false negatives (blue), true negatives (black).

The gray level values are computed for a pixel, (x,y), using
the pixel gray level value and the gray level statistics in a
9x9 window, wo(x,y) centered at (x,y). The structure of
the neural network used is a multi-layer feed-forward back
propagation neural network, with seven input nodes and
three hidden layers with 15 nodes each and one output node.
The transfer functions for the hidden layers are linear, and
the transfer function for the hidden layers is the log-sigmoid

function is: logsig(x) = m
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No pre-processing was applied to the results of the neural
network classifier besides binarization. The main
disadvantage of this method is that the classification is
pixel-by-pixel, the result often has many smaller
disconnected segments. Therefore, post-processing methods
was implemented to reduce noise by removing small
connected components and also remove those disconnected
segments. Figure 2 shows that the sample result for neural
network algorithm on an image from DRIVE dataset.

Multi-scale edge detection:

The multi-scale edge detection method is based on the work
of Nguyen et. al.In this method present an effective method
for automatically extracting blood vessels from color retinal
images. The basic idea behind this method is that the blood
vessel structures can be approximated as piecewise linear,
so line detection on multiple scales can be used to separate
the blood vessel structure from the background. Base on the
fact thatby changing the length of a basic line detector, line
detector at varying scales are achieved.In this section, first
we review the basic line detector which was first used as a
means for vessel background classification. Then present a
generalized line detector and the method to combine the line
detectors at varying scales to produce the final segmentation
for the retinal image.

1. Basic line detector: The basic line detector works on the
inverted green channel of the retinal image where the vessel
appears brighter than the background. At each pixel
position, a window of size WxW is identified and the
average gray level is computed as I3,,. The line with
maximum value is called ‘winning line’ and its value is
defined as I¥,, . the line response at each pixel is computed
as:

Rw - Ixax I:‘:\A‘Ilg (1)

The underlying idea behind this is that if the considered
pixel is a vessel pixel, the response obtained will be large
due to the alignment of winning line along the vessel. The
drawbacks of basic line detector include: (1) it tends to
merge close vessels; (2) it produces an extension at cross
over points; (3) it produces false vessel responses at
background pixels near strong vessels.

2. Multi-scale line detectors: to overcome the drawbacks
mentioned above, propose to generalize the basic line
detector by varying the length of the aligned lines. The
generalized line detector is defined as:

Rb = Ihax — Iig @

Where 1 <L <W, I}, and I}, are defined as above. By
changing the values of L, line detectors at different scales
are achieved. The main idea behind this is that line detectors
with shorter lengths will avoid the including the surrounding
vessel pixels and hence, give correct response to situations.
To demonstrate this improvement, the responses of the basic
line detector and generalized line detector at different pixel
positions are examined. However, it can be seen that
background noise is introduced in the whole image as
aresult of reducing the line length.
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3. Combination method: In the combination process, we
assign the same weight for each scale and final
segmentation is the linear combination of line response of
different scales. The response at each image pixel is defined
as:

1
Reombined = HLT(ZL R[\;v + Iigc)
@)

Where n;, is the number of scales used, RL, is response of
line detector at scale L, and Iy is the value of the inverted
green channel at the corresponding pixel. The original green
channel is included into the combination since it provides
additional information to discriminate the proximity
between the blood vessels and the other structures such as
pathologies and the optic disk. Figure 3 shown that stages of
multi-line edge detection method. Figure 4. Shown that
result of the multi-line edge detection algorithm.

Fig 3: stages of multi-line edge detection method. Basic line
detector(left), multi-line detectors (center), combined
method (right).

g g
from DRIVE dataset. True positives (green), false positives
(red), false negatives (blue), true negatives (black).

Scale-space analysis:

A scale-space analysis approach is an attractive
method for vessel segmentation because the blood vessels
vary in width. This method is implemented based on the
work of Martinez- Perez et al. [10], which separates the
information between different scales. Then compute the
gradient and the hessian at each pixel for each scale in order
to obtain a classification that combines all scales.

The idea behind scale-space representation is to separate
out information at different scales. Any image can be
embedded in one-parameter family of derived images
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I(x,y;s)obtained by convolving the original image
I(x,y)with a gaussian kernelG(x, y;s)of standard deviation
s:

Ixy;s) = I(xy) * G(x,y;5s)
Where s is a length scale factor. The derivative of an image
I(x,y) is defined as the linear convolution of the image with
scale-normalized derivative of gaussian kernels.
I, = I(xy) *sGy, I, = I(x,y) *sGy L = 1(x,y) * s2Gyy
lyy = I(xy) *s?Gyy, Ly = I(xy) *s?Gyy

Where subscripts indicate partial derivatives and

1 x2y?
G(x,y;8) = sz © 252

The Edge strength is evaluated by the magnitude of the
gradient of the image. The gradient is a vector function
which represents the changes in intensity in the coordinate
directions, and its magnitude is equal to the value of the
slope, which is high at the edges and low at uniform
regions.

Fig 5: scale-space analysis for s= 2, 8 and 14 of a portion
360x290 of a retinal image (a) magnitude of the gradient (b)
intensity scaled maximum principal curvature.

Fig 6: sample result for a scale-space analysis algorithm on
image from DRIVE dataset. True positives (green), false
positives (red), false negatives (blue), true negatives (black).
The Ridge strength is evaluated by the largest eigenvalues
of the hessian. The positive values are considered since we
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have dark vessels on a bright background. It is noticeable
that the local maxima response is much higher for large
blood vessels than for small vessels. Finally, we combine
multiple scales by taking the maximum response at each
pixel over all scales, and then normalizing the values to the
interval [0, 1]. We calculate the scale-space information in
intervals s, < S < spax Where s, and s, are fixed
according to the sizes of the smallest and largest vessels to
be detected in the image.

The figure 5 gives the output for three scales. For the low
value of s, the curvature map keeps the very small vessel but
the large ones are not completely reported, while for the
large value of s, the large vessels are correctly reported but
not the small ones. The figure 6 shown that the sample
result for the scale-space analysis algorithm on the image.

Morphological processing:

Morphological processing is another approach we
can use based on morphological operators. Morphological
processing which consist of techniques dealing with digital
image processing using mathematical morphology by
applying some structure element to binary images and
sometimes to gray level images. This method decreases the
optic disc influence and emphasizes the vessels by applying
a morphological multidirectional top-hat transform with
rotating structuring elements to the background of the
retinal image.

The morphological processing is a three-step

process. The first step is pre-processing by high-pass
filtering then extracting a binary image and another binary
image is reconstructed from morphologically enhanced
image for vessel regions. Then the second step, Gaussian
Mixer Model classifier is used to classify all pixels in the
two binary images which are remained from previous stage.
Finally, the last step, both the vessels and the classified
vessel pixels are combined.
The top-hat transformation has enhancement effect which is
become estimating the local background by a morphology
opening operation, and then subtract it from the original
image resulting and this operation have a good effect on
enhancing vessels, and defined as follows:

tophat(img) = img — min(open(close(img, wc), w)img)
(OR)
TopHat(A) = A— (AoB)

We use mathematical morphology process for smoothing
and removing any noise. The important thing to get
effective results on morphological processing is to select the
appropriate structuring element. The main structuring
element is chosen as a disk with a radius varying from 1 to 8
pixels.The average consecutive paired consecutive images
to obtain 4 results, which helps to reduce the noise. Then we
apply top-hat transform to the result at 12 directions, and
then sum-up the computational results of 1 directions and by
its method, the gray difference between the vessels and the
background are increased. Apply gaussian filter with 7
pixels in width on the output of the result to generate more
smoothed image. The figure 7 shown that the sample result
for morphological processing on image from DRIVE
dataset.
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Figure 7: sample result for morphological processing
algorithm on image from DRIVE dataset. True positives
(green), false positives (red), false negatives (blue), true
negatives (black).

HYBRID ALGORITHM

In order to take advantages and disadvantages of each of
these algorithms, we have developed a hybrid algorithm for
retinal blood vessel segmentation. Our hybrid algorithm
combines the result of the five methods above discussed to
achieve an improved and accurate segmentation. The five
methods above we discussed, return a continuous value
between 0 and 1 for each pixel except the neural network
classifier because it was essentially binary in practice.
While we are using a pre-processing or any other method to
gain a binary output for each method, these values 0 and 1
can also be thought as a probability that given pixel is a part
of the blood vessel. Hence the five basic segmented
algorithms give five different confidence estimates for each
pixel.

The proposed hybrid algorithm is a method to combine the
confidence estimates which are produced by each of basic
segmenting algorithms into a single classification. This
entire process is done in two steps. The first step is to
combine the five confidence estimates at each pixel into a
single value between 0 and 1. The second step is to apply
thresholding technique, based on priori knowledge of blood
vessel properties, to produce a final classification.

1. Weighting and Modification
2. Thresholding

1. weighting and Modification:

The main idea behind this method is that the
averaging the five results returned by basic algorithms will
reduce the noise. Here each method depends on different
image processing techniques, as we expect that the noisy
regions will vary across methods while local vessels
segments will be detected by multiple methods.

In this step, the five confidence estimates produced from
five basic segmented algorithms are matched or combined
using simple and unweighted average of the confidences
recur by each individual algorithm. Four out five of the
algorithms implemented perform inadequately around bright
exudate areas and the optic disk, as observed in Fig. 1, Fig.
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2, Fig. 6 and Fig. 7. The morphological vessel segmentation
method only performs well in these areas, as observed in fig
8.

In order to combine the advantages of all the implemented
algorithms, a mask was developed to separate out areas of
exudate and the optic disk which are bright areas from the
rest of the retinal image. This mask was developed based on
the green channel of the original retinal image, which has
the highest vessel intensity contrast. Adaptive histogram
equalization (AHE) is the next step used to improve contrast
in images and to compensate for the varying illumination of
the image. Next a simple hard threshold is applied to create
the mask. The white bright areas of the mask are dilated to
avoid edge effects from the bright areas.

i

Fig. 8: stages of modified hybrid algorithm. Original hybrid
image minus the optic disk and unusual bright areas (top
left), morphological vessel segmented images (bottom left),
and combined image for the modified hybrid algorithm
(right).

For this version of the hybrid algorithm, the white areas of
the mask are replaced by the vessel segmentation result
from the morphological algorithm. The rest of the image
uses the original hybrid algorithm with the averaging
scheme described above. The figure 8 shows that the
modification to the hybrid algorithm.The resulting
confidence estimates, shown in figure and are proceed to the
thresholding algorithm which is narrated in the next section.

2. Thresholding:

The next step of the algorithm is thresholding
which is to turn from a soft classification to a hard
classification. Till now, we produced only a map where
each pixel has a value between 0 and 1, this number
conveying the confidence or likelihood of the presence of a
vessel. We would like to map this into a binary
classification, vessel or background.

The first approach is one might use for binarization is
Otsu’s method: the vessel pixels should have a high value
while the background values should be close to zero. But
because of the imperfections of our methods, a vessel pixel
can also have a low value. The distribution of the pixel
values between vessel and background is not well separated.
This can lead to pixels of the vessel that will turn out to be
below the threshold, and thus incorrectly labelled as
background. As a consequence, the vessel will appear as
disconnected segments.

To enhance this method, we need to take into account the
properties of the retinal blood vessels. We know that the
vessels from a vascular tree of connected vessels in retinal
fundus image.The first step of the algorithm is to initiate
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pixels that will be considered with confidence as
background or vessel pixels. To do that, we have to divide
the pixels into two classes using the Otsu threshold t in the
global image. The pixels below threshold t will form the
initial background class, and the ones above threshold t will
form the initial vessel class. we specify these two classes
with their mean p, and p,which represents the background
class and wvessel class and their standard deviation
o, and o,,. We consider that the pixels that are above p, are
always vessel pixels, while the pixels below p, are always
background pixels.

We use those labelled pixels as seed pixels for our growing
algorithm. We will alternatively grow the background and
the vessel regions by looking at the pixels connected to
these seeds. We will also use the gradient information; the
pixels with low gradients are either in the middle of a vessel
or in the background, so they are easier to classify. we
categorize the histogram for the gradient values with the
mean p, and the standard deviation o,.At first, we classify
only the pixels that have a clear value for the likelihood
either very high or very low, and a low value for the
gradient. For the class vessel:

H, —ao, <pandy < p, +ao,
And for the class background:
p < pptacpandy < p,

We take the parameter a = 1 for the first step, and we
increment it by 0.5 for each run, until there are no pixels left
to classify. This means that we become progressively more
tolerant in our labelling. The edge pixel outside of the
vessels usually have a higher value for the gradient, and the
fixed condition y <y, for the background vessels will stop
these problematic edge pixels to be labelled at this stage.

In the second step, the same iterations are performed but
this time without the condition on the gradients. We iterate
it until all pixels are classified. The results acquired by this
algorithm is given in figure 9. We can see that even though
it does not perform as well as the manual classification, it
takes advantages of the tree structure of the vessels and
performs much better than the basic thresholding algorithm.

2

.

-

(a) (b) (c) (d)

Fig. 9: (a) original image obtained after application of our
five vessel detection algorithms. (b) Result of Otsu’s
method. (c) Result of the tree growing method (d) Manually
labelled reference image.

Conclusion:

The project mainly focuses on the application of automatic
blood vessel segmentation in retinal fundus images for the
diabetic retinopathy diagnosis. In this project, five basic
segmenting algorithms were implemented based on
methods. These five algorithms were combined using two
different methods in order to take advantages of their
individual advantages. Several performance measures were
computed in order to analyze the performance of each of the
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developed method. These measures include accuracy,
precision, sensitivity and specificity. Each of the developed
algorithms offer transaction between these performance
metrices. However, the hybrid algorithm results lean to have
better performance when averaging all the performance
metrics.
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