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Retinal Blood Vessel Segmentation for Assessment of Diabetic
Retinopathy Using a Two-Dimensional Model
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Abstract: Retinal blood vessels are very unperative structures in ophthalmologic images. Automated 1mage
processing has the immense potential to assist the physicians in the early detection of diabetes, by observing
the changes in blood vessel patterns in the retina. This study details a novel vessel tracking algorithim as a part
of the set of tools exercised for the automated diagnosis of diabetic retinopathy. To begin with, the papilla 1s
detected by utilizing Canny’s edge detection algorithm. Then, the blood vessels are traced by using the
second-order derivative Gaussian filter. The projected algorithm has achieved acceptable results to spot the
small veins/thin vessels that play a mighty contribution in the clinical arena.
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INTRODUCTION

Diabetic Retinopathy (DR) 18 a consequence of long
term diabetes mellitus, one of the foremost reasons of
blindness. Kanski (1994) has detailed DR causes
pathological changes of the retinal vessel tree such as
microaneurysms, ntraretinal microvascular abnormalities,
venous beading, neovascularisations and as well as
haemorthages, exudates and retinal oedema. This
abnormality detection in images is expected to play a
predominant role in many real-life applications.

One of the solutions for diabetic retinopathy
engrosses screemung of medical images. A swift, supreme
and steady method for abnormality finding in images will
greatly help to enhance the health-care screening process.
In order to evaluate the growth of the retina status, image
processing techniques are required to extract the relevant
quantitative data about changes of the retinal vessel tree.

Retinal vessel segmentation routine can be split mto
two major classes namely detection and tracking.
Detection schemes are generally bottom-up approaches
that make few initial assumptions about the global
structure of the vascular tree and most of the researchers
have employed edge-finding or region-growing algorithms
for edge detection. These algorithms traverse the entire
image to find all candidate regions. On the other hand, a
vessel tracking algorithms rely heavily on several
anatomic assumptions like connected vessels, vessel
convergence on optic disk etc. Akita ef al. (1982, 1981)
has detailed that they are competent of extracting features
regarding the vessel course and contour, which are then

examined by the ophthalmologist for automatic
recognition  of  vascular  changes  specifically
vasoconstrictions, vasodilatations, venous beading and
new vessels.

Numerous methods for segmenting blood vessels
using rtule based and supervised are reported in
Sinthanayothin ef al. (1999) and Staal ef al. (2004) and has
sketched a relaxation method that discriminates between
artery and vemn. Use of multiscale filtering has been
proposed for segmentation of curvilinear structures in
three-dimensional medical images by Sato ef al. (1998).
Michal et al. (2006) has explored the likelihood of
applying Multiscale Matched Filters for blood vessel
tracking. Chaudhuri et @l (1989) has deployed two
dimensional matched filters to trace the blood vessels.
The applicability of steerable filters to several applications
in general and blood wvessels mn particular has been
described in Freeman et al. (1991). Further they have
stated that with a set of basis filters, one can adaptively
steer a filter along any direction. They designed a set of
such steerable filters based on directional derivatives of
Gaussians and employed these filters and their Hilbert
transforms to compute local direction maps. The usages
of wavelet local maxima across scales which characterize
the local shape of wregular structures have been
presented by Stephane et al. (1992). Hoover et al. (2000)
have investigated the handling of local and global vessel
features to segment the vessel network. Leandro et al.
(2003} have explored the use of two dimensional
continuous wavelet transform and supervised pixel
classification. Comforth et al. (2001) has cited about the
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nsage of wevelst amlvas  supervised  clasmifier
probabibities and adaptive threshold procedres, as well
as motphologwhase d techmiques.

In thi= research, an atterapt hasbeenmade 1o present
an algonthen that can be rade it of awomatng the
diagnostic tools needed for earl v diagnosis of diabetes m
retinal pathologw The mamm amn of this study 1z o
publicize the mammentation of ophe dise and blood
vemels for recogmmng the weins. The alzormthra has
wiorked well to establish srnall thinvessels i the retina,

SFCRENTATION

Eromate and antornate segrentaton of irages
1= an rnportant step i 1mage proceszing. 3 egroe ntaton of
images Is a subjecttve and context-dependent cogmitre
process. It implicitly containes not onlw the detection and
localization of the cbject chozen (12, blood vemel) but
alzo the delineation of the actrvated region. In the field
of medical mmazing, the precize and prozmramed
delineation of anatormis stuchires from the mage et
sequences 1= worth an open problern o explove
Immumerable teclrugues hase been depowed, but az a
rule, uger mteracton caimot be negated o the process iz
zaid to be robust only for wique kinds of images.

Colbr component: Color irmages repeesent +ital
informaton zhont the perceptnal content of a certam
inage. The colorof any irnage canbe realizad i different
wawe and the color models are twcally based on
phrsical phesiologieal and technical aspects, The huraan
eve percelves color reacton through a mmix of red, sreen
and blue zignal=. A= a mle of tluak, each color can be
raixed one and only with thess 3 pritnary colors. When the
REGE comporents of the non-medratic mages are
wizuahzed discretelw, the mreen chammel represents the
preruium wessalbackzround contrast, whereas, the red
and blue chamrels depict low quality contrast and are
noisy too.

Zhenz  er al (1997 has detailed that the sreen
chanme] has been mingled ot to create the feature wector
itzelf, 1e. the mreen clanrel mmtensity of each pixel iz
tken a=z one of 1= features. Figure | exlukit the 1mage
informaton in different channels and it 15 wery obeaous
that the green channel out performs the other channels in
tarms of contrast and thus cosidared for segine atonof
blood ~essels. Bwven though the combibution of red
chanme] 1= puinimal in the case of segraentation of blood
wemels, it wle 1= very sigmiicant in localizng the optic
dize hecanse of the nonappearance of blood wessels
1reide the red cornponent.

Fiz 1. (a) Ked chammel, (b} Green charmel, (o) Blue channel

Fikering: Filtering i= frequently ublized in image
processing to srooth noise amd to enhance or detect
features within an image. An mimite munber of flters
both irear and non-lineay, are offtred i iraame proce=ing
to iraprove the quality of the mmages. The core objec e
of itnaze smoothing i= to filter out the noise present in the
irmage signal without compromimg on the remion of
interest. Gaussian function for smoothing the nose-
affected 1mages 1= a big lut among the ressarchers. The
effectrvene= of the Gaussian funchon 1= duectly
proporhonal to different cholces of the standard deviaton
(mgrna) of the Gawssian filter. The irapact of filters on the
Irmages can be cormmonly understood by their use that
harre pronounced regions of varying sizes to viznalize the
effect on edzes or by the application of test pattems like
sineoldal mreeps fo visualize the effects in the frequencw
doraain, Gordon er al. (1992 has mmade clear that the
Fausian distibution in 2-D has the form:

r

G _L E'H'PE—H=+}’2:|
21 )

Where, T 15 the stardard demaabhon of the distibubon. [t
iz alza assurned that the distnbuton has a wean of ==
[1.e. 1t is certered abot the live x = Q). The discovery of
the blood weszels 1= accormplishe d b means of a steerable
Cranssian filter and it orentation can be decided b the
user. Furtherraore, it les been reported m the literature
that these filterz can be quite snccessful for edme
detection and image analw=s, The local stucture of an
Irmage canbe porbaved m a stble and rabust forra b the
output of Ganssian Separable Steerable filters. Comrer al.
(2003} has drafted that the Steerable filters are a class of
fillers, m which a filter of athitrary onentahon 1=
syrnthesized as a lmwear cordbinabon of a =et of bams
filter=. The result of applving the steemble filter 1= shown
m Fig. 2 with 0 = 150",
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Filtered image (g = 190°)

Input imrage

100 200 300400 500 100 200 300400 500

Oriented Filter (5 =190°)

Fig. 2: The effect of steerable filter orientation

Curvature: Curvature 1s the change in direction for stable
displacements along the curve. The intrinsic geometric
property of a surface can be found out mathematically and
the notion 1s referred as the Gaussian curvature of a
surface, or even simply the curvature of a surface.
Gaussian curvature is a mathematical quantity attached to
an area of a surface. Surface curvature such as Gaussian,
mean and principal curvatures extracted from an image
whose intrinsic surface properties describing local shape
have come n to play a crucial role m both characterizing
and recognizing free-formed curved surface.

The most common approach in region segmentation
15 based on the signs of Gaussian and mean curvature
resulting in four surface types namely convex (peak),
concave (pit) and two types of saddle regions. Moreover,
the significance of curvature at a point on the surface is
also viewpoint mnvariant. Numerous researchers have
succeeded on the problem of interpreting range data from
curved surfaces, the major methods have totally relied on
the segmentation with the help of mean and Gaussian
curvature signs. Ernest ef af. (1992), Freeman et al. (1991)
and Lee ef al. (1990) indicated that the first derivative
denotes the intensity gradient and the second derivative
signifies cwvature characteristics. The Gaussian
curvature K and the mean curvature H used for surface
characterization are given in Eq. 1.

Gaussian curvature K and the mean curvature H

_ Bufw Ew
(1+g% +g°)°

H= guu(1+g2v)+gw (1+g2u)_2gugvguv
A1+ g +g%)’

Table 1: Surface interpretation of Gaussian curvature (k) and mean curvatire

(H) signs
K >0 K=0 K<0
H=<0 Peak Ridge Saddle ridge
H=0 None Plane Minimal surface
H=0 Pit. Valley Saddle valley

These curvatures are viewpoint invariant under rigid
transformation. Smooth surfaces are locally characterized
by them and are classified mto surface types using a
combination of their sign (Table 1). The blood vessel
detection is performed by convolving a Gaussian filter
and this result in a high peak at the central location of the
blood vessel.

The results produced by the application of the
algorithm are shown in the Fig. 3. Figure 3a gives mean
curvature based output and its equivalent binary
curvature representation is shown in Fig. 3b. Figure 3¢
and d shows the blood vessel traced at the peak.

Optic disc detection: The optic disc is the basis and on
top 1s the gateway of all the vessels and the optic nerve
into the retina. It appears in color fundus images as a
bright yellowish or white region. Tts shape is likely more
or less circular, interrupted by the outgoing wvessels.
Sometimes the shape may be an ellipse as a result of a
non-negligible angle between the images and object
planes. Canny’s algorithm is applied only to the red
channel owing to the reason that the blood vessels are
absent in the red component region of the optic disc.
Normally, the mtensity 1s quite high in the optic disc
region as opposed to the other regions of the image.
Hence, this feature can be used to trace the optic disc in
the retinal image. After locating the candidate region,
edge finding part of the Canny’s algorithm is applied to
trace the boundaries of the optic disc.

Figure 4a represents the original image of the red
channel and the resultant optic disc 1s shown m Fig. 4b.
Figure 4¢ fumishes the template of Fig. 4a and d illustrate
the effect of edge detection through Canny’s algorithm.

Post processing: The output of the algorithm 15 a binary
image and in that there may be some misclassified pixels
which appeared as undesirable noise in the classified
image. Therefore, it is obligatory to perform post-
processing. Generally speaking, morphological operations
can be quite handy to elimmnate the small noise
components. In order to completely fill the wvessels,
specific morphological operations like dilation and area
close are used and are enlightened well by Cesar ef al.
(2003). Dilation 1s basically used where the object moves
over the image and set the centre pixel to " 1" if any of the
neighboring 4 or 8 pixels are also a "1' otherwise set the
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Fig. 3: (a) Mean curvature, (b) Binary curvature [c) Peal

'™
[-

Fig. 4: (a) Red channel, (b) Optic disc localization, ()
Original template, (d) Template optic disc

centre pizel to "0 When the object lies on the border of
the set, the image setis setto "0 Area closing smoothes
but fuses areas together and eliminates holes in the image
and are elucidated by Tickle et af. (2007,

Figure 3a furnish the peak representation Fig. 5b
shows after eliminating the circle contour Fig. 5c
Segmented vessel.

Since, the peak output produces a circle contour
(Fig. S5a) around the blood wessel, it is required to
eliminate the same for further processing. Pizel level
elimination algorithm has been used to overcome such
circumstances. The two level horizontal separations have
been performed from either side till the first pizel has come
across on the contour. The left behind pixels are alienated
from both the sides by two level vertical eradication
procedures (Fig. Sh).

Fig. 5: (a) Peak, (b) Peak after post processing, (c)
segmented image

The tracing of the blood vessel starts from arcund
the optic disc and stops when no high peak is detected
(Fig. 5c). & 4x4 window has been considered at each
pizel point to take a assessment of the curve direction and
proceeded 1l the last part of the peak has accomplished.
After attaining the end of the peak the algonthm once
again move toward to the optic disc for further
processing. This algorithm produces cutput exactly in one
pixel level; so the thinning routine is not essential which
adds to the advantageous of to the algorithm. Thus time
talken totake thin has reduced.

RESULTS

Lee et al. (2001) has investigated that the ocular
fundus images can be acquired by using non-mydriatic
cameras that do not require the dilation of the eyes
through drops, or through angiograms applying
fluorescein as a tracer. The projected algorithm has
been tested and evaluated making use of the well
acknowledged public database referred as DREIVE
with 40 images that include 7 pathological images.
These images are captured in digital form from a Canon
CES non-mydriatic 3CCD camera at 45 Bield of View
(FOWY, are of size 768x584 pixels and are available in
compressed JPEQ format. The database which stores the
images and their equivalent representation of manually
segmented blood wvessels as standard templates has
presented by Staal et af. (2004),

The robustness and the reliability of the suggested
algorithm have been analyzed by considering 10 images
from the DEIVE database. The cutput of the algorithm
has been compared with its equivalent manual
standard template version in the database. The intended
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Fig. 6 (a): Input image
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Fig. 6 (b): Filtering effect

Fig. 6 (¢): Binary curvature

algorithm has scored over itz corresponding standard
template wversion in respect of the clarity with
reference to blood veing and small veins. Figure 5
displays the result obtained from the algorithm for 4
images of the same database. The first row Fig. 6a is the

Input image Filteredimage (5 = 190%)
100 100
200 200
300 300
400 400
500 500

Otiented filtered (g = 190%)

100
200
300
400
500

100 200 300 400 500 100 200 300400 500
Criented filtered (g = 190%)

original image, the second row Fig. 6b provide the effect
of Gaussian filtering, Fig. 6¢ third row the mean curvature,
Fig. 6d and e fourth and fifth row furnish the peak
reprezentation and the last row Fig. 6f after post
processing.
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Fig. 6 (f): Blood vessel segmented image
CONCLUSION

To identify the region of interest for blood vessel
classification, it is indispensable to locate the optic disc
inifially. A novel method has been fried out in this work
primarily to locate the optic disc and tracking the vessel
in the vicinity of the optic disc. The results procuced are
promising and express the applicability and efficiency of
the projected technique. This algotithm 15 also capable of
detecting any looping structure in the blood vessel which
is a manifestation of abnormal symptom. The ultimate plan
is to fabricate a complete retinal image analysis system
that will assist and improve the screening of diabetic

refinopathy.
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