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a b s t r a c t

Most of the retinal diseases namely retinopathy, occlusion etc., can be identified through

changes exhibited in retinal vasculature of fundus images. Thus, segmentation of retinal

blood vessels aids in detecting the alterations and hence the disease. Manual segmentation

of vessels requires expertise. It is a very tedious and time consuming task as vessels are only

a few pixels wide and extend almost throughout entire span of the fundus image. Employing

computational approaches for this purpose would help in efficient retinal analysis. The

methodology proposed in this work involves sequential application of image pre-processing,

supervised and unsupervised learning and image post-processing techniques. Image crop-

ping, color transformation and color channel extraction, contrast enhancement, Gabor

filtering and halfwave rectification are sequentially applied during pre-processing stage.

A feature vector is formed from the pre-processed images. Principal component analysis is

performed on the feature vector. K-means clustering is executed on this outcome to group

pixels as either vessel or non-vessel cluster. Out of the two groups, the identified non-vessel

group undergoes an ensemble classification process employing root guided decision tree

with bagging, while vessel group is left unprocessed as further processing might increase

misclassifications of vessels as non-vessels. The resultant segmented image is formed

through combining the results of clustering and ensemble classification process. The vessel

segmented output from previous phase is post-processed through morphological techni-

ques. The proposed technique is validated on images from publicly available DRIVE data-

base. The proposed methodology achieves an accuracy of 95.36%, which is comparable with

the existing blood vessel segmentation techniques.
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1. Introduction

Fundus imaging [1] provides a valuable resource for analysis of
the retina. The fundus image of the retina discloses anatomi-
cal structures [2] such as retinal vasculature, optic disk,
macula and abnormal structures such as microaneurysms,
hemorrhages, exudates, cottonwool spots etc., if present. Optic
disk (exposed as a bright oval structure) represents the start of
the optic nerve head and is the entry point for major blood
vessels to the eye. Macula (observed as a dark region devoid of
vessels) with the fovea at its center is responsible for central
and high resolution vision. The blood vasculature is a tree like
structure spanning across the fundus image. It is a high
frequency component exhibited more clearly at high contrast.
The retinal blood vessels are one of the most important
structures of the retina providing blood supply to the retina
and also transmitting the information signals from the retina
to the brain [3].

The changes in retinal blood vessels serve as a bio-marker
for identification of many disorders such as diabetic retinopa-
thy, hypertensive retinopathy, retinal artery occlusion, retinal
vein occlusion, etc. Not only retinal diseases, but also diseases
such as stroke, hypertension and diabetes produce noticeable
alterations in the retinal blood vasculature. Most of the retinal
disorders that cause modifications in the vascular network
would lead to vision loss. Diagnosing these disorders, at the
initial stage can prevent the vision loss to a greater extent.
Changes in the vascular network pertain to its shape, width,
tortorisity, branching pattern etc. Hence segmentation of
blood vessels in the fundus image and further analysis of its
properties aids in diagnosis of retinal vascular disorders. Also,
segmentation of blood vessels and hence extraction of
vascular points is useful for image registration [3]. Even for
people with expertise, segmentation of blood vessels is a time
consuming and effort prone process. Utilization of the power
of computational intelligence to automatically segment the
blood vessels in fundus images would be highly appreciated by
the ophthalmologists. Various such techniques have been
adopted in the literature to segment the retinal vessels.
However, automatic segmentation of retinal blood vessels is
also challenging due to the various complications pertaining to
its structure and influence from other sources. The difficulties
arise due to variations in vessel appearance, shape and
orientations; low contrast between the blood vessels and its
background; disturbances caused to the presence of noise and
the existence of abnormal structures such as lesions,
exudates, microaneurysms and other diseased regions. These
complications might mislead an automatic vessel segmenta-
tion algorithm by misinterpreting background to vessels and
overlooking or missing the thin vessels.

In this research, a blood vessel segmentation approach for
segmenting the blood vessels in fundus images is presented.
This approach attempts to segment the vessels through
chronological application of image pre-processing (image
cropping, color transformation and color extraction, Gabor
filtering, halfwave rectification), supervised and unsupervised
learning (principal component analysis, clustering and classifi-
cation) and image post-processing techniques. The review of the
state-of-art techniques in retinal blood vessel segmentation, the
dataset used for validation, the methodology proposed, experi-
mental results of the work and the conclusions are presented in
detail in the further sections.

2. Review of the related studies

Retinal blood vessel segmentation is achieved through assign-
ing each pixel as either a vessel pixel or non-vessel pixel. The
retinal vessel segmentation methodologies can be seen in
different dimensions. In a broad sense, the vessel segmenta-
tion methodologies can be divided into two categories namely
rule based techniques and pattern recognition based techni-
ques. Vessel tracking, matched filtering, mathematical mor-
phology, multi-scale techniques and model based approaches
fall under the rule based category [4]. Alternatively, supervised
techniques involving building classification models for cate-
gorization of the pixels and clustering models for grouping of
pixels as either vessel or non-vessel pixels are included under
the pattern recognition based techniques. The supervised
methodologies require data of manually labeled vessel and
non-vessel pixels for the purpose of training the model which
is used for classification.

Regarding the pattern recognition based methodologies;
generally there exist two stages where during the first stage,
image is enhanced and required features are extracted
followed by the second stage which classifies each pixel as
either a vessel or non-vessel. A few attempts to classify the
pixels were made through the supervised techniques which
are concisely highlighted here. These methods differ in the
feature vector and classification process adopted. Since blood
vessels are elongated structures in the fundus image, Staal
et al. [5] utilized the concept of ridges for vessel extraction. The
properties of the ridges and the pixel considered forms the
feature vector. K-nearest neighbor (KNN) classification proce-
dure, which gave better results than a linear and quadratic
classifier was adopted for classifying the image ridges
achieving an accuracy of 94.41% with a computational time
of 900 s using 1 GHz processor. Subsequently, Niemeijer et al.
[6] attempted KNN classification on a 31D feature vector which
included the intensity of green channel and responses of
Gaussian and its derivative at various scales resulting in an
accuracy of 94.16%. Then, Soares et al. [7] utilized Bayesian
classifier with Gaussian mixture models for fast classification
on a feature vector comprising of Gabor wavelet responses at
various scales, providing an accuracy of 94.66%. This method-
ology used one million pixels for training and consumed 9 h for
training and 30 s for classification. In another attempt, Marin
et al. [8] demonstrated a neural network based classifier (non-
linear classification procedure) on a 7D feature vector formed
from the gray level and the moment invariant features
achieving an accuracy of 94.52%. This method processes an
image in less than 90 s due to its simplicity of operation. Again,
Franklin et al. [3] made an attempt using neural networks to
segment retinal vessels, through a feature vector formed using
the intensities of red, green and blue channels of the RGB
image yielding an accuracy of 95.03%.

Strategies were introduced to deal with large and small
vessels separately. Xu et al. [9] adopted Adaptive local
thresholding to extract large vessels and support vector
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machines (SVM) for classification of thin vessels in the residual
image, represented by a 12D vector, resulting in an accuracy of
93.20%. Then, You et al. [10] proposed another integration
based technique in which radial projection was employed for
extraction of thin vessels and SVM was used to classify the
major vessels using the feature vector formed from the
wavelet co-efficients at different scales, accomplishing an
accuracy of 94.34%. These integration approaches [9,10]
yielded higher sensitivity but resulted in lower overall
accuracy. In general, algorithms that learn from training
images report better segmentation accuracies at the cost of
higher computational times. Since the retinal vascular
structure is complex and exhibits a high level of variability,
enhancements and simple thresholding cannot yield impres-
sive performance. Sophisticated decision making process
adopted by supervised learning methods can help to overcome
this issue.

Rule based techniques were also adopted for the purpose of
retinal blood vessel segmentation. Firstly a few works on
matched filtering is presented here. The matched filtering (MF)
approach convolves a 2D kernel with the retinal fundus image
such that the matched filter response (MFR) indicates the
presence or absence of vessels. Since blood vessels are piece-
wise linear in structure, the blood vessels could be better
captured through appropriately designed filters. Chaudhuri
et al. [11] put forward a 2D linear kernel with Gaussian profile,
which on rotating every 158 extracted the blood vessels in
different orientation reaching an accuracy of 87.75%. Then,
Kande et al. [12] came up with a spatially weighted fuzzy C
means clustering that accommodates the spatial distribution
of gray levels to threshold the MFR, owing to complex
relationships between foreground and background by them,
resulting in an accuracy of 89.11%. Subsequently, a knowledge
guided adaptive thresholding that takes advantage of domain
knowledge about the blood vessels was investigated for vessel
extraction by Xiaoyi and Mojon [13] achieving an accuracy of
92.12%. After that, Cinsdikici and Aydin [14] introduced a
hybrid approach which employs MF and ant colony clustering
on fundus image in parallel, to improve the performance of
vessel segmentation, followed by application of length
filtering, exhibiting an accuracy of 92.93%. To take advantage
of the fact that Gaussian shape profile is symmetric about its
peak, Zhang et al. [15] computed the first order derivates and
hence could eliminate most of the non-vessel edges thus
reducing false detections and resulting in an accuracy of
93.82%. Vesselness filter proposed by Frangi [16] uses
eigenvectors of the Hessian to compute the likeliness of an
image region to contain vessels. Budai et al. [17] performed
multi-resolution analysis to decrease the computational
complexity. To the reduced resolutions of copies of images,
Frangi's vesselness filter was applied. The sensitivity of the
system was 64.40%, which was very low when compared to the
existing methods. Then, Hannink et al. [18] proposed to use
multi-scale orientation scoring followed by application of
vesselness filter and tested it on HRF image data. This
methodology could handle the vessel crossings and bifurca-
tions as against the vesselness filter which looked only for
elongated structures. Then, Chakraborti [19] introduced a self-
adaptive MF which is a synergistic combination of vesselness
and matched filter yielding an accuracy of 93.70%. In a broad
spectrum, these filter based approaches are based on intensity
of the image and are susceptible to intensity inhomogeneity.
They face issues while enhancing vessels of different scales.
They have to be combined with some other technique to
increase the performance of the segmentation algorithms.

The principle of morphological operations has also been
extensively used for extraction of retinal blood vessels. A few
works in this view are briefed here. Mendonca and Campilho
[20] proposed a framework exploiting the properties such as
linearity, connectivity and width of blood vessel structure. The
methodology includes centerline detection through difference
of offset Gaussian filters, vessel enhancement through
modified top-hat transform with a circular structural element
and segmentation of vasculature using iterative region
growing attaining an accuracy of 94.63%. Miri and Mahloojifar
[21] investigated a combination of discrete curvelet transform,
multi-structural mathematical morphology and adaptive
connected component analysis in regard to segmentation of
retinal vessels. The effectiveness of curvelet transform in
representing edges, the directionality of multi-structure
elements in morphology and connected component analysis
along with thresholding when combined together could attain
an accuracy of 94.58%. Then, Fraz et al. [22] introduced a hybrid
procedure combining the vessel centerline extraction and
morphological bit slicing reaching an accuracy of 94.30%.
Subsequently, isotropic undecimated wavelet transform
(IUWT), a popularly used wavelet transform in Biological
applications was demonstrated for vessel segmentation by
Bankhead et al. [23]. It was observed that the vessels were
clearly visible at higher wavelet levels of the transform. This
approach comprising of IUWT, thresholding, mathematical
morphology and sphline filtering reported an accuracy of
93.71%. After that, Akram et al. [24] utilized Gabor wavelet
owing to their capability of capturing directional structures, for
enhancing the vessels and adopted multilayer thresholding
for vessel segmentation, reaching an accuracy of 94.69%. The
methodology is claimed to work well in non-uniform
illumination conditions also and captured many thin vessels.
Usually, morphological operations consider the connectivity
of the neighbors and helps in increasing the performance of
segmentation algorithms. These operations appear to be more
impressive when performed in combination with the other
operations preferably as a post-processing step.

Employing multi-scale approaches for segmentation of
retinal blood vessels have become very common in recent
times as the variability in width of retinal structures cannot be
captured by a single scale parameter. A few works through this
method have been narrated here. Martinez-Perez [25] pre-
sented a technique based on multi-scale operators to beat the
issue of contrast variations by utilizing the first and second
spatial derivatives of the intensity image that provides the
vessel topology information. Then, local maxima over scales of
magnitude of gradient and maximum principal curvature of
Hessian Tensor are adopted in multi pass-region growing. It
operates on two stages where during the first stage, the growth
is constrained to regions of low gradient magnitude together
with spatial information about the 8 neighboring pixels and in
next stage, the constraint is relaxed to allow boundaries
between regions to be defined, achieving an accuracy of
91.81%. An extension of this work by same author [26] included
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a diameter dependent equalization factor to multi scale
analysis to enhance the sensitivity and accuracy of the
approach, thus attaining an accuracy of 93.44%. Then,
Anzalone et al. [27] proposed to adopt supervised techniques
to choose optimal parameters (scale and threshold) for the
purpose of vessel segmentation. It involves vessel enhance-
ment through scale space analysis followed by image binariza-
tion through thresholding and could achieve an accuracy of
94.19%. Subsequently, Vlachos and Dermatas [28] presented a
technique which yielded high sensitivity measure. Initially line
tracking procedure was performed, which initiated from a small
group of pixels gained through the brightness selection rule and
ceased when a cross-sectional profile becomes invalid. This was
done for various scales and combined using the confidence of a
pixel belonging to vessel or non-vessel. Then, median filtering
and morphological reconstruction was applied to the formed
vessel network reporting an accuracy and sensitivity of 92.90%
and 74.70%. After that, Saffarzadeh et al. [29] proposed a method
based on the idea that elimination of bright lesions could result
in higher performance of vessel segmentation. Perspective
transformation and K-means clustering was performed to
remove the bright lesions. Then, multi-scale line operator
was adopted to detect blood vessels, thus achieving an accuracy
of 93.87%. Multi-scale approaches helps in identifying vessels
with varying width. But, their effectiveness can be exploited
only when used as a pre-processing step for vessel enhance-
ment.

Vessel tracking methodologies were also exploited for
vessel segmentation, few of which are reported here. Zhou
et al. [30] suggested a procedure that adopts MF and is initiated
by the start and end point followed by automatic detection of
retinal vessels, thus has the inherent disadvantage of user
intervention. Then, to overcome this disadvantage, Can et al.
[31] presented a procedure which automatically finds the seed
point of tracing represented as local gray level minima. The
next vessel point is identified through series of exploratory
searches which arrives at the vessel boundaries. Then, Tolias
and Panas [32] introduced unsupervised fuzzy vessel tracking
algorithm which performs automatic initialization and tracks
vessels and the categorization of vessel and non-vessel
regions are obtained using a fuzzy C-means clustering
algorithm. This method also does not demand for initializa-
tion and vessel profile modeling.

Model based approaches have also been utilized in the
intention of retinal vessel segmentation. These model based
methods appear difficult to formulate. A few of them are
briefed here. A methodology was demonstrated by Lam et al.
[33], which is based on regularization based multi-concavity
modeling containing three concavity measures viz., differen-
tial, line shape and locally normalized concavity for addres-
sing the negative impact due to bright lesions, dark lesions and
noise respectively. The features got from these measures are
combined according to the geometrical and statistical proper-
ties followed by a lifting procedure to arrive at the ideal vessel
shape depicting an accuracy of 94.72%. Then, Espona et al. [34]
made use of the combination of concept of snake and the
topological properties of vessel for retinal vessel extraction
reaching an accuracy of 93.52%.

The extensive research on retinal vessel segmentation
presented in this section justifies the need and importance of
the current work. Though a lot of research has been done in
this area, there still exists demand for segmentation techni-
ques which achieve higher accuracies. It is to be observed that
the previous works projected have attempted to enhance the
accuracy of segmentation and an improvement of even 0.03%
in accuracy [21,24] was considered significant (since the
accuracy levels expected by the field of ophthalmology in
detecting blood vessels tend to 100%). Additionally, it can be
seen that the approaches used in the literature do not achieve
high performance when performed individually. But, each
methodology has its own advantage and significance which
can be exploited. Filtering enhances the vessels; multi-scale
approaches help in capturing the vessels with varying width;
supervised and supervised groups predicts the vessels and
non-vessels if an efficient feature vector is provided and
morphological approaches helps in establishing the connec-
tivity of the pixels. The advantages of these approaches are
exploited in our methodology. The data used for validation of
the proposed work and the proposed methodology is
explained in detail in the subsequent section.

3. Materials and methods

This research work presents a technique for automatically
segmenting retinal blood vessels from the fundus image for
retinal analysis and disease diagnosis. The changes in the
properties of the blood vessels act as a bio-marker for
diagnosing many diseases. The retinal vasculature segmenta-
tion is a challenging task as the blood vessels are only a few
pixels wide and vary in the diameter and also span throughout
the fundus. This work constitutes of three phases viz., image
pre-processing, supervised and unsupervised learning and
image post-processing. The material used for testing the
proposed methodology is presented in the following sub-
section.

3.1. Materials

The data used for validation of the proposed approach is
obtained from the publicly available DRIVE database [6,35]. The
DRIVE database consists of 40 color fundus images grouped
into two sets: test and training each contain 20 images with a
resolution of 584 � 565 pixels. The images were acquired using
a Canon CR5 non-mydriatic 3CCD camera with a 458 field of
view. Each image was captured using 8 bits per color plane. For
each image, a mask image is provided that delineates the field
of view. For the training set of images, a single manual
segmentation of the blood vessels is available. For the test set
of images, two manual segmentations are available out of
which, one is used as principal standard, the other one can be
used to compare computer generated segmentations with
those of an independent human observer. Out of 40 images,
33 are images without any symptoms of pathology and 7 show
signs of diabetic retinopathy. Among the 7 images, 3 are
available in the training set and 4 are present in the test set.
All the 40 images were used for making clinical diagnosis. This
database has been extensively used for validation of retinal
blood vessel segmentation techniques in the literature. Hence
we have also tested and validated our work on the DRIVE
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database for comparison purposes. A few example fundus
retinal images (left and right eye images) are shown in Fig. 1.
Outcomes of each component in the proposed framework will
be illustrated on these two images in the further sections.

3.2. Methodology

This research identifies a solution to the retinal blood vessel
segmentation problem. The proposed framework is depicted
in Fig. 2. This work attempts to segment the bloods vessels
through 3 stages viz. image-pre-processing, supervised and
unsupervised learning and image post-processing. The image
pre-processing phase comprises of image cropping, color
space transformation and color channel extraction, contrast
enhancement, Gabor filtering and halfwave rectification. The
output from the image pre-processing stage is given to the
supervised and unsupervised learning phase which includes
feature vector formation, application of principal component
analysis, clustering followed ensemble classification. During
the supervised and unsupervised learning phase, the vessel
segmentation problem is viewed as a categorization problem.
An image pixel should either belong to a vessel pixel or a non-
vessel pixel.

The processes adopted during each phase are explained in
detail in the following sub sections.

3.2.1. Image pre-processing
Initially, the color fundus image is preprocessed for enhancing
the quality of the image and hence to make computation easy
and effective. Pre-processing of the fundus image includes
image cropping, color space transformation and color channel
extraction, contrast enhancement, Gabor filtering and half-
wave rectification.

3.2.1.1. Image cropping. The images are cropped such that
only the field of view is considered for further investigation.
This procedure eliminates the area that is beyond the region of
interest. To execute the process of image cropping, a mask that
delineates the field of view is formed. The four extreme co-
ordinates (first pixel occupied by the field of view while
Fig. 1 – Sample retinal images (left and right eye respectively), g
database.
traversing from top, left, right and bottom) are attained with
the help of this mask. With these co-ordinates, the image is
cropped to desired width and height dynamically. This step
discards approximately 40,000 pixels (around 50 pixels
widthwise and 30 pixels height wise) (around 12% of the total
pixels) on DRIVE retinal images having a resolution of
584 � 565 pixels. The value changes for each image according
to the size of field of view. This method thus reduces the size of
the image and hence lesser number of pixels is investigated in
further computation, reducing the computational complexity.
The cropped images are shown in Fig. 3. Image cropping is
followed by color transformation.

3.2.1.2. Color space transformation and color channel extrac-
tion. The cropped fundus images originally belong to RGB
color space which consists of red, green and blue components,
out of which the vessels are prominently visible only in the
green channel. The task of vessel segmentation could not be
performed efficiently with the Gabor responses from Green
channel alone A few other color components which exposed
the vessels clearly, were sought for its efficient segmentation.
Moreover, RGB color model is not perceptually uniform and
Euclidean distances in 3D RGB space do not correspond to color
differences as perceived by humans. Hence perceptually
uniform color spaces were also exploited to extract the Gabor
features. These color spaces are also very efficient in color
texture analysis. L�a�b, Gaussian and YCbCr color models were
utilized for this purpose. The YCbCr model consists of Y (the
luma component), Cb (the chroma of the blue difference) and
the Cr (the chroma of the red difference) components and can
be derived from the RGB model [36] according to the following
equation (Eq. (1)).
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4

3
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Again, the RGB color space is converted into L�a�b color space
[36], which includes the L (lightness), a and b (color opponent)
components according to the algorithm and parameters of
Matlab. Also, the RGB color model is converted into the
iven as input to the proposed Framework from the DRIVE



Fig. 2 – Proposed framework for retinal blood vessel segmentation.
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Gaussian color space [37], which consists of G1, G2 and G3
components, according to the following transformation
equation (Eq. (2)).

G1

G2

G3

2
64

3
75 ¼

0:06 0:63 0:27

0:3 0:04 �0:35

0:34 �0:6 0:17
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R

G

B

2
64

3
75 (2)

Blood vessels are high frequency component of the image and
hence are well exposed at high contrast. The four color spaces
that were obtained in the earlier step are analyzed and the color
channel which exhibited the highest contrast in each color
space was selected for further investigation. In view of this,
Green channel from RGB color space, Y channel from YCbCr
color space, L channel from L�a�b color space and G1 channel
from the Gaussian color space were chosen for further proces-
sing. Illustration of these channels can be seen in Fig. 4. The
contrast of these images is further improved through the con-
trast enhancement procedure discussed in the next sub section.

3.2.1.3. Contrast enhancement. The quality of the four color
channel images G, Y, L and G1 are elevated through enhancing
its contrast. The contrast limited adaptive histogram equali-
zation (CLAHE) [38] is applied to increase the contrast



Fig. 3 – Sample images (shown in Fig. 1) after image cropping.
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and hence the blood vessels appear more distinguished from
the background. The CLAHE operates on small image regions
called tiles rather than the whole image. The working of
CLAHE algorithm is presented in Procedure 1.
Procedure 1: Working o
The CLAHE algorithm works on image tiles. The clip limit
and number of tiles parameters were analyzed to find that the
above set value provides better results. The parameter values
correspond to the default values of Matlab software.
f CLAHE algorithm.



Fig. 4 – Illustrations of green, Y, L and G1 channels of first (left eye image) and second (right eye Image) sample images shown
in Fig. 1, portraying high contrast.
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When higher values were set to clip limit and number of tiles,
the contrast of the background pixels increased, but exposed
the non-uniform texture of the background. With lower values
for these parameters, the contrast of the vessels was not
enhanced to extract them efficiently in the subsequent steps.
The size of the tiles is based on the application under
consideration. The contrast enhanced images are portrayed
in Fig. 5. In continuation to this, Gabor filtering is applied to
these four contrast enhanced images, process of which is
presented in the next sub section.
Fig. 5 – First (left eye image) and second (right eye im
3.2.1.4. Gabor filtering. The four contrast enhanced images
are considered for further analysis. The blood vessels take the
shape of Gaussian approximation. Hence Gaussian based filters
can aid in distinguishing the blood vessels of the retinal image.
Two dimensional Gabor filters [39], which are sinusoidally
modulated Gaussian functions, have been used to enhance the
retinal blood vessels. These filters have optimal localization in
both frequency and space domains. The performance of the
Gabor filters is affected by its parameters to a great extent.
Correct choice of the parameter values would result in better
age) sample images after contrast enhancement.
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performance of these filters. Gabor filters work on the retinal images as stated in Procedure 2.
Procedure 2: Working of Gabor filters on retinal images.
The parameters wavelength, aspect ratio and bandwidth
influence the size of Gabor kernel constructed. The size of
Gabor kernel should be such that the vessels with varying
width are captured. From our experiments, it was observed
that the performance of Gabor filtering in capturing the vessel
information was highest at wavelength 9, 10 and 11; aspect
ratio 0.5 and bandwidth set to one. The retinal vessels are
present in all orientations and hence captured by varying the
orientation of the filters. Orientation of the filters was initially
set to zero and Gabor responses were accumulated for every
158 change until 3608 (hence incremented 24 times). The 158
change is acceptable due to the responsiveness of filters for
7.58 in either direction These Gabor responses form an efficient
Procedure 3: Process of ha
feature vector for blood vessel segmentation in the subsequent
steps.

Gabor filtering is operated on four contrast enhanced
images yielding 12 Gabor response images. These 12 images
are halfwave rectified as explained in the next sub-section.

3.2.1.5. Halfwave rectification. Halfwave rectification is ap-
plied on the 12 Gabor images. This procedure works on the
image based on a percentage value of the maximum intensity
of the image. The percentage value was set to 10 in this work.
All pixels having a Gabor response value below the percentage
will be set to 0. The process of halfwave rectification is
illustrated in Procedure 3.
lfwave rectification.



Fig. 6 – (a) Halfwave rectified Gabor response of the green channel at wavelength 9, 10, 11; Y channel at wavelength 9, 10, 11; L channel at wavelength 9, 10, 11; G1 channel at
wavelength 9, 10, 11 of the first image (left eye image). (b) Halfwave rectified Gabor response of the green channel at wavelength 9, 10, 11; Y channel at wavelength 9, 10, 11; L
channel at wavelength 9, 10, 11; G1 channel at wavelength 9, 10, 11 of the second sample image (right eye image).
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The halfwave rectified Gabor images of the two sample
images are depicted in Fig. 6(a) and (b). The 12 images appear
similar when viewed as a figure, but the Halfwave rectified
Gabor responses differ in value. When the wavelength is set to
11, a few thin vessels do not appear while at wavelengths 9, 10,
extra false vessel-like structures appear. So the three halfwave
rectified Gabor responses of the four color channels are
considered for further analysis.
Procedure 4: Procedure for application of principal component analysis.
The output of the image pre-processing phase is given as
input to the unsupervised and supervised learning phase
which is described in detail in the following section.

3.2.2. Unsupervised (principal component analysis and
clustering) and supervised learning (ensemble classification) phase
The image data is further analyzed for blood vessel segmen-
tation through supervised and unsupervised data mining
techniques. The processes included in the phase are the
feature vector formulation, application of principal compo-
nent analysis, clustering and ensemble classification. These
processes are described in detail below.

3.2.2.1. Feature vector formulation. The 12 images from the
halfwave rectification step and the green channel from the
contrast enhancement step are taken for further consideration.
A feature vector is formed such that each pixel in the image is
represented by these 13 values which include the intensity in
the green channel and the halfwave rectified Gabor responses
for that pixel in the 12 images. Hence a 13 dimensional feature
vector is formed for further processing. principal component
analysis is applied on the formulated 13 dimensional feature
vector, the process of which is dealt in the next sub-section.
Procedure 5: K-means algorithm fo
3.2.2.2. Principal component analysis. Principal component
analysis [40] has always been a commanding tool in analyzing
patterns in high dimensional data. Principal component
analysis is applied to the 13 dimensional feature vector to
arrive at a new set of more representative 13 dimensional
features represented as Eigen vectors. This procedure works
on the feature vector in accordance with the algorithm shown
in Procedure 4.
The new feature set formed from this step is considered
for further investigation. The clustering and classification
procedures are applied in succession to this feature vector for
retinal vessel segmentation. During clustering and classifica-
tion, the retinal vessel segmentation is viewed as a binary
problem where a pixel can belong to a 'vessel' class or a 'non-
vessel' class. These procedures are explained in the further
sub-sections.

3.2.2.3. Clustering. The feature vector formulated through
application of principal component analysis is given as input
to the clustering algorithm. Clustering [41] is an unsupervised
data mining technique that groups data based on a similarity
measure. The blood vessel segmentation problem constitutes
only two groups namely 'vessel' and 'non-vessel'. Hence the
number of clusters to be formed is assigned to two. Among the
clustering algorithms, K-means algorithm [42] is found to
outperform in view of differentiating vessels and non-vessels.
Manhattan's distance is used for grouping of clusters. The K-
means algorithm applied for retinal vessel segmentation is
presented in Procedure 5.
r retinal vessel segmentation.
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As a result of the clustering algorithm, two clusters of uneven
size are obtained. The size of the two clusters varies drastically
such that approximately 10% of the data are grouped into one
cluster while the remaining 90% are grouped into the other
cluster. This is in agreement with the distribution of the vessels
and non-vessels in the fundus image where the vessels occupy
approximately 10% of the pixels and the remaining are
considered as non-vessel pixels. Hence the cluster with higher
cardinality is considered as the cluster containing non-vessel
pixels and the cluster with lesser cardinality is taken to be the
cluster consisting of the vessel pixels. The pixels in the vessel
cluster are finalized as vessel pixels. The cluster containing the
non-vessel pixels are further processed to recognize the vessel
pixels that may be present in it through supervised classifica-
tion algorithm which is discussed in the next sub-section.

3.2.2.4. Ensemble classification. The 'non-vessel' cluster is
further examined to spot the vessel pixels that may be wrongly
clustered into the 'non-vessel' cluster. Supervised classification
technique [43–45] is applied to this data for this purpose.
Supervised classification technique places necessity of training
data as a pre-requisite. One of the images from the training set of
Procedure 6: Algorithm for ensemble class
the database is given as training data. The ground truth of the
corresponding image forms the label of the data. The classifica-
tion technique derives decision rules from the training data.
These decision rules can be used to classify the pixel data in the
'non-vessel' cluster to either a 'vessel' class or a 'non-vessel'
class. Various classification algorithms were investigated, out of
which root guided decision tree (RGDT) [46] performed the best.
The root guided decision tree (RGDT) is a variant of decision tree
whose construction is based on the following notion. A forest of
decision trees are generated such that every attribute is placed at
the root node of any one of the trees in the forest. Having
constructed the root node, the rest of the tree construction is
similar to that of the traditional decision tree construction. If
there are m attributes in the data, m trees are generated in the
forest. The tree which yielded the highest training accuracy is
considered for deriving the classification rules. The performance
of the classifier was still enhanced through the application of
meta-learning algorithms, from which the bagging [47] could
yield promising results. Thus the ensemble of RGDT through
Bagging resulted in better pixel classification. The decision rules
are obtained from the ensemble classification model in
accordance with the algorithm depicted in Procedure 6.
ification through RGDT with bagging.
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Classification of the 'non-vessel' cluster would yield two
classes namely 'vessel' class and 'non-vessel' class. In view of
retinal blood vessel segmentation, the 'non-vessel' class
resulted from the classification step is finalized as non-vessel
pixels. The 'vessel' cluster from the clustering step and the
'vessel' class from the classification step combined together
are concluded as vessel pixels. The result of clustering
followed by classification would yield a binary vessel seg-
mented image portraying the vessel as white and the non-
vessel pixels as black. Sample segmentation results obtained
from the unsupervised and supervised learning phase are
shown in Fig. 7(a) and (b). This image can now be post-
processed to yield at still cleaner and better segmentation. The
details of the image post-processing phase are provided in the
subsequent section.

3.2.3. Image post-processing phase
The previous phase outputs a binary vessel segmented image,
which is further post-processed using mathematical morphol-
ogy techniques [48] and connected component analysis. On
examining the output image, it could be seen that the border of
the field of view is also detected as vessels in a few images.
This may be due to Gabor filtering, which actually enhances
the high frequency components while the border of field of
view also falls under high frequency category. Hence the mask
of field of view is constructed and shrinked such that the
radius is reduced by 25 pixels. It is superimposed on the output
image to eliminate the unwanted arc like structures. Followed
by the elimination of the arc, cleaning is performed to remove
the isolated vessel pixels and spurs. Additionally, a majority
Fig. 7 – (a) Segmented outcome of data mining phase, post-proce
sample image (left eye image). (b) Segmented outcome of data m
ground truth of the second sample image (right eye image).
based procedure is performed where a pixel is set to vessel
if 5 or more pixels in its 3 by 3 neighborhood are vessels. The
resultant image still consisted of patch like structures
occupying very less number of pixels (less than that occupied
by the thin vessels). Hence the components which occupy less
than 10 pixels are eradicated using connected component
analysis. Finally a bridging operation is done which tries to
connect the unconnected vessel pixels by assigning a pixel to
vessel if it has two vessel neighbors that are not connected.
The final outcome represents a clean and accurate segmenta-
tion of the retinal blood vessels. The data mining segmented
image, post-processed segmented image and the correspond-
ing ground truth of the sample fundus images are exhibited in
Fig. 7(a) and (b).Thus the highlights of our work includes: the
image pre-processing consists of image cropping to reduce the
number of pixels would leads to lesser computational time;
contrast enhancement to enhance the vessels; Gabor filtering,
an extensively used directional filter for vessel enhancement
was utilized to still enhance the vessels and halfwave
rectification was performed to eliminate the noise due to
Gabor filtering. Then combination of clustering and classifica-
tion was attempted on feature vector obtained through
application of principal component analysis on the prepro-
cessed images in view to enhance the accuracy as they do not
perform appreciably when used separately. The vessel and
non-vessel cluster was considered for further processing to
increase the performance of vessel segmentation. Classifica-
tion was done on these clusters separately. It was observed
that the further classification on vessel cluster increased the
accuracy but decreased the sensitivity measure in some cases
ssing phase and the corresponding ground truth of the first
ining phase, post-processing phase and the corresponding
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while classification on the non-vessel cluster resulted in both
higher accuracy and higher sensitivity when compared to the
results of the clustering. Always, ensemble classification
provided better results than individual classification. Hence,
ensemble classification was adopted. Since the data mining
algorithms do not consider the connectivity of the pixels which
is an inherent property of the vessel structure, mathematical
morphological techniques are applied for this purpose. Hence
the proposed methodology is expected to achieve comparable
performances when compared with existing techniques.

The results and discussions of the proposed framework in
segmenting the retinal blood vessels from the fundus images
are highlighted in next section.

4. Results and discussion

In this work, computational approaches are applied to segment
the retinal blood vessels from the fundus image and segmenta-
tion accuracy is found to be better than the existing methodol-
ogies. The proposed framework is validated on the test images
from the DRIVE [6,35] database. The proposed technique can
assist the ophthalmologists in better retinal image analysis. The
segmentation of blood vessels from fundus images can help in
diagnosing the retinal disorders at an earlier stage and thus aid
in better fruitful treatment to the patients.

The proposed system is implemented using Matlab r2008a
and Weka 3.6.11 on a PC with i5 processor at 2.53 GHz and 4 GB
RAM. The image pre-processing and post-processing phases
were implemented through Matlab r2008a and unsupervised
and supervised learning phase was executed using Weka
3.6.11, an open source data mining tool. It takes around 20 min
for segmentation of a retinal fundus image (17 min for
executing the procedures of image pre-processing phase;
2 min for executing the supervised and unsupervised learning
phase and 45 s for the execution of image post-processing
phase). It is to be noted that it consumes approximately 2 and a
half hours for initial training of the data mining ensemble
classifier. CPU usage reaches up to 55% with memory usage of
1.65 GB during image pre-processing while CPU usage of 35%
and memory usage of 3.05 GB is consumed during execution of
the unsupervised and supervised learning phase.

The RGB images were used for experimentation. Image
enhancement techniques were employed to improve the
contrast of the blood vessels on the retinal images so that it
would be easier for segmentation. Green channel showed the
highest contrast among the three channels of the RGB color
model. When proceeded with the green channel and its Gabor
responses, impressive accuracies could not be achieved. Hence,
color space transformation was performed and the color
channels (G, Y, L, G1) which exhibited the maximum contrast
in each color model was chosen. Contrast limited adaptive
histogram equalization (CLAHE) was applied to these images so
that the contrast was still increased. Unlike other contrast
enhancement methods, CLAHE limits the contrast and thus
avoids over emphasizing the noise present in the image.
Following the application of contrast enhancement on the
images, Initially a feature vector constituting the intensities of
these contrast enhanced images was formed and attempted
for classification of vessel and non-vessel pixels, but could not
achieve appreciable accuracies. Hence the necessity of more
features was realized. Gabor filtering is the most commonly
used technique to enhance the blood vessels hence Gabor
responses of the four color channel images were obtained. The
performance of the Gabor filter greatly depends on its
parameters. Hence various parameter settings were tried and
the parameters which yielded the best visual results are
reported here. Gabor responses were affected by unwanted
noise which is interpreted as false vessels. This noise in the
output image from the Gabor responses was eliminated through
Halfwave rectification. Again the threshold for halfwave
rectification is chosen based on various experiments. Threshold
value of 10 yielded best subjective results. At this stage we have
three Gabor responses for each of the four contrast enhanced
images. During experiments it was seen that the results of
segmentation with only Gabor responses as the feature vector,
accuracies were comparable but the sensitivity dropped
drastically. Hence, experiments were performed by including
Green channel along with the 12 Gabor responses to find the
accuracy and the sensitivity reaching comparable levels. Thus,
the final feature vector was a 13D vector with the intensities of
contrast enhanced Green channel and all the halfwave rectified
Gabor responses.

Subsequently during the unsupervised and supervised
learning phase, various combinations of techniques were
attempted. Initially clustering and classification was per-
formed individually. Both, when performed separately,
reached higher accuracy rate but very low sensitivity measure
(around 50–60%). In clustering, K-means attained the best
partitioning. Hence it was again attempted with different
distance measures and Manhattan distance was found to
attain the best possible results. This process results in two
unequal clusters, one with very high cardinality and the other
with very low cardinality. The one with very high cardinality
correspond to the non-vessel cluster while the one with very
low cardinality pertain to the vessel cluster.

The vessel and non-vessel cluster was considered for further
processing to increase the performance of vessel segmentation.
Classification was done on these clusters separately. It was
observed that further classification on vessel cluster increased
the accuracy, but decreased the sensitivity measure in some
cases, while classification on the non-vessel cluster resulted in
both higher accuracy and higher sensitivity when compared to
the results of the K-means clustering. Different classifiers were
used for the purpose of vessel and non-vessel prediction.
Initially C4.5 performed the best achieving an accuracy of
95.15%. Then a variation of decision tree, root guided decision
tree (RGDT) was suggested which yielded the still higher
accuracy and sensitivity.

Usually, the performance of the classifiers is enhanced
through ensemble methods. In this case, Bagging resulted in
high accuracies. The predictions obtained from clustering and
ensemble classification are combined to form the segmented
image, which is post-processed with basic mathematical
morphology techniques to yield better segmented output.
The experimental result of each image of the database and the
method of computation of the metrics is discussed in the
following paragraphs.

The performance of the proposed methodology on segment-
ing vessels from a fundus image is computed with the ground



Table 2 – Performance comparison with the existing
methodologies.

Technique Accuracy
(%)

Sensitivity
(%)

Specificity
(%)

Proposed technique 95.36 70.79 97.78
Second observer 94.70 77.96 97.17
Franklin et al. [3] 95.03 68.67 98.24
Lam et al. [33] 94.72 – –

Akram et al. [24] 94.69 – –

Soares et al. [7] 94.66 – –

Miri and
Mahloojifar [21]

94.58 73.52 97.95

Mendonca and
Campilho [20]

94.52 73.44 97.64

Marin et al. [8] 94.52 70.67 98.01
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truth of the corresponding image as reference. To quantify the
performance of the proposed research work, performance
metrics namely accuracy, sensitivity, specificity and positive
predictive value were calculated. This evaluation scheme
portrays the efficiency of the proposed framework in segment-
ing the retinal blood vessels of the fundus image. Four measures
i.e., true positives, false positives, false negatives and true
negatives have to be determined for the computation of the
above mentioned performance metrics. True positive (TP)
denotes the number of vessel pixels being correctly identified
as vessels and true negative (TN) signifies the number of non-
vessel pixels being correctly detected as non-vessels whereas
false positive (FP) represents the number of non-vessels being
wrongly classified as vessels and the false negative (FN)
corresponds to the number of vessel pixels wrongly recognized
as non-vessels. Using the values of TP, TN, FP and FN, the
performance metrics, accuracy, sensitivity, specificity [49,50]
and positive predictive value [3] is computed as follows.

Accuracy, defined as the ratio of sum of correctly identified
vessels and non-vessels to the sum of total number of pixels, is
calculated as shown in Eq. (3).

Accuracy ¼ TP þ TN
TP þ FP þ FN þ TN

(3)

Sensitivity, defined as the ratio of correctly identified vessels to
the total number of vessels, is computed as given in Eq. (4).

Sensitivity ¼ TP
TP þ FN

(4)

Specificity, defined as the ratio of correctly detected non-
vessels to the total number of non-vessels, is measured as
depicted in Eq. (5).

Specificity ¼ TN
TN þ FP

(5)
Table 1 – Performance of the proposed methodology.

Image
ID

Accuracy
(%)

Sensitivity
(%)

Specificity
(%)

Positive
predictive
value (%)

01_test 95.20 74.31 97.24 72.52
02_test 95.92 71.03 98.76 86.69
03_test 94.45 73.53 96.77 71.57
04_test 95.61 68.60 98.34 80.78
05_test 95.48 71.70 97.93 78.24
06_test 95.25 61.67 98.87 85.43
07_test 95.40 69.02 98.10 78.09
08_test 94.98 66.33 97.68 75.18
09_test 95.77 61.92 98.76 81.47
10_test 95.66 73.90 97.61 73.51
11_test 94.71 68.62 97.28 71.27
12_test 95.46 73.76 97.48 73.94
13_test 95.11 65.13 98.36 81.10
14_test 95.53 73.62 97.45 71.81
15_test 93.84 82.82 94.68 54.59
16_test 95.78 66.12 98.72 83.66
17_test 95.66 62.31 98.72 80.81
18_test 95.90 72.22 97.94 75.12
19_test 95.49 81.40 97.55 69.47
20_test 95.92 77.85 97.35 70.02

Average 95.36 70.79 97.78 75.76
Positive predictive value [3] reveals the probability of a pixel
that has been classified as a vessel is really a vessel as por-
trayed in Eq. (6).

Positive Predictive Value ¼ TP
TP þ FP

(6)

The performance of the proposed framework is demonstrated
in Table 1. Table 1 tabulates the accuracy, sensitivity, specificity
and positive predictive value of all images in the test set of
DRIVE database. The average accuracy, sensitivity, specificity
and positive prediction value is accomplished by the proposed
approach is 95.36%, 70.79%, 97.78% and 75.76% respectively. The
accuracy, sensitivity and specificity of segmentation in diseased
images compute to 94.70%, 74.08% and 96.65%. The mean accu-
racy, sensitivity and specificity of vessel segmentation perfor-
mance in normal images are 95.52%, 69.97% and 98.06%.

A comparison with the existing methodologies is presented
in Table 2. Table 2 reveals the accuracy, sensitivity and
Staal et al. [5] 94.41 – –

You et al. [10] 94.34 74.10 97.51
Fraz et al. [22] 94.30 71.52 97.69
Anzalone et al.
[27]

94.19 – –

Niemeijer et al.
[6]

94.16 – –

Yanli Hou [31] 94.15 73.54 96.91
Saffarzadeh et al.
[29]

93.87 – –

Zhang et al. [15] 93.82 71.20 97.24
Bankheard et al.
[23]

93.71 70.27 97.17

Chakrabortu et al.
[19]

93.70 – –

Espona et al. [34] 93.52 74.36 96.15
Martinez Perez
et al. [26]

93.44 72.46 96.55

Xu et al. [9] 93.28 77.60 –

Cinsdikici and
Aydin [14]

92.93 – –

Vlachos and
Dermatas [28]

92.90 74.70 95.50

Xiaoyi and Mojon
[13]

92.12 – –

Martinez Perez
et al. [25]

91.81 63.89 –

Kande et al. [12] 89.11 – –

Chauduri et al. [11] 87.73 – –
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specificity obtained through various existing segmentation
approaches on the DRIVE data. Hence from Table 2, it is
obvious that the proposed algorithm achieves comparable
results with the existing methodologies. From the extensive
survey of blood vessel segmentation methodologies, it is also
seen that an increase of 0.03% in accuracy is also considered
significant in the segmentation of retinal blood vessels as it
can aid in better disease diagnosis during further processing.
Additionally, the number of pixels in the image is very high
(329,960). Hence an increase of 0.33% (achieved by our
algorithm) corresponds to around increased 1089 correctly
predicted pixels.

Hence it is exhibited that the proposed work has accurately
segmented the blood vessels from the retinal fundus images.
The segmented vessels have to be further investigated for the
purpose of disease diagnosis. Particularly, diabetic retinopa-
thy, artery and vein occlusion, hypertensive retinopathy can
be diagnosed from the segmented vessel tree. Thus the
framework can aid the ophthalmologists in screening of
retinal disorders more efficiently.

5. Conclusion

In this paper, solution to the problem of blood vessel
segmentation is attempted through the utilization of compu-
tational intelligence. The proposed framework consists of
image pre-processing phase, unsupervised and supervised
learning phase and image post-processing phase where each
phase includes its own set of procedures to be executed. The
advantages of various techniques have been collectively
utilized to achieve better performance. The performance of
the proposed system is validated on test images of publicly
available DRIVE database. It is seen that the proposed
methodology achieves higher accuracy in vessel segmenta-
tion when compared to the existing techniques. Our meth-
odology achieves an average accuracy, sensitivity and
specificity of 95.36%, 70.79% and 97.78%. The demonstrated
effectiveness of the proposed technique can thus help the
ophthalmologists in efficient retinal image analysis and
fruitful treatment to the patient community. The future
insights include designing a new clustering algorithm that
can group or classify the image pixels to vessel or non-vessels
more precisely. Enhanced post-processing techniques can
also be applied for better results.
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