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Abstract
The appearance and structure of blood vessels in retinal fundus image is a fundamental part of diagnosing different issues related with such as diabetes and hypertension. The proposed blood vessel segmentation in fundus image using Clifford Algebra
approach is divided into three steps. Image vectorization as a first step helps to
convert the image space into Clifford space. Next step introduces Clifford matched
filter as a proposed mask which works for retinal blood vessel extraction. The third
and final step of this method is Clifford convolution operation with the help of
Clifford convolution. This mask generates edge points along the boundaries of the
blood vessels. The edge points are represented as a Grade-0 vector or scalar unit.
Discrete edge points along the boundary of blood vessels are the edge pixels instead
of continuous edges. The output of this method differs in the representation of vessel
tree compare to other existing methods. The output image can be defined as the edge
point set. This method achieves blood vessel segmentation accuracy of 94.88% and
92.95% on two publicly available datasets STARE and DRIVE respectively in less
than 0.5 s per image. The proposed matched filter and the segmentation technique
opens many windows of reliable and faster processing for further image processing
steps on retinal fundus images.
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1 Introduction
An eye sees the world and trains human brain with a new set of data. It has the best perception
among all the sensors available in human body. An eye receives light from outside by its light
sensitive cell known as photoreceptor situated in retina. A retina is an inside layer tissue of the
eye surface. The photoreceptors convert the accepted light signals into neural signals. These
are carrying forwarded to the brain for new training data through optic nerves. Many people
who suffer from retinal disease nowadays are required to record the retina’s condition. A
retinal image can be obtained from fundus camera. This retinal microscope is one of the
inevitable medical imaging devices which are used for obtaining retinal diagnostic information
to determine the health of the retina [28].
Retinal images have the wide acceptance in vascular and non vascular pathology diagnostic
[47]. There are common diseases such as diabetes, occlusion, glaucoma, hypertension, and
stroke. Which are causing changes in retinal vascular structure. Retinal images provide
information regarding changes due to earlier said diseases [16]. Generally the changes in
reflectivity, tortuosity and pattern of blood vessels are mostly observed. In the case of Diabetic
Retinopathy and Vessel tortuosity, neovascularization is reported where new blood vessels are
developed in retina. An early detection of these vascular changes can take preventive measure
in major vision loss [37].
Blood vessel segmentation of retinal image is a typical field of enthusiasm among
researchers and analysts from past to nowadays. A change in vessel tree structure may lead
to various kinds of abnormalities in human eye [22]. An accurate vessel tree structure contains
information about blood vessels feature such as thickness, contrast in the retinal image.
Generally the blood vessels have varying thickness from 36 μm to 180 μm [36]. Mainly
abnormal retinal images data is more useful than normal images, but the comparison of the
abnormal with the normal may lead a path of revention and care issues in the eyes.
The segmentation processes face many challenges and disruption during its execution. A
fundus retinal image holds data about other objects in retina such as optic disk, fovea,
epithelium, microanurysms, and exudates. The illuminating factor with respect to the foreground and the background may lead to error in object detection. Another issue like thin blood
vessel with illumination also acts as a barrier in object detection [9, 57]. As manual analysis is
time consuming and expensive, automated segmentation process is the important step before
commencing the diagnosis for specific eye disease [2]. In last two decades many researchers
had proposed several segmentation algorithms of retinal images discussed in various literatures. Various literatures focused on kernel based methods or filtering the retinal images using
Gaussian function [56] or Mathematical morphology [49]. A kernel based filter is generally
edge detection filter [20] and matched filters [8]. The selection of matched filter plays an
important role in retinal blood vessel extraction. The thickness of the blood vessels and the
contrast of the images vary simultaneously. The choice of the kernels with different orientations may unite to obtain the final tree structure. Many researches produced many other
techniques like probing or automated tortuosity measurement. Vessel tracking method is a
well established method for acquiring vasculature structure by following vessel center lines
[19]. There exist some other model based methods such as contour or snake model, vessel
profile model, Level Set method (LSM) which is working on geometric model for retinal
blood vessel segmentation [28].
The interpretation of retinal image requires advancement in vessel segmentation and
analysis, shape approximation for further classification. Clifford Algebra has emerged as
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standard methodology for image processing and pattern recognition. This algebra which has
shown new horizon in retinal image analysis will be discussed in later section. It is popular as a
geometric framework due to its established magnificence of operator’s application, comprehensive representation and the solution to geometric hassle [53].
Clifford Algebra (CA) also known as Geometric Algebra is a powerful framework for
signal & image representation. It works preferably well under any circumstances of processing.
It consists of rich set of geometric operators which simplifies any context related to signal and
image representation [31]. The color channels against a pixel are considered as a single entity
with the help of CA operators [43]. The operators compute the intensity of the concerned pixel
and define the geometric shape of objects mathematically from its boundary pixel.
CA has the strength to express any geometric objects in an image following any color
model. It has the ability to discriminate the desired features from a certain image effectively. It
consists of a powerful tool called multivector which standardizes all possible features into a
generalized entity. Medical image preprocessing steps like edge detection or contour extraction
suffer from high computational requirements. Many proposals had tried to overcome the above
said problem by using CA. A wide variety of edge detection algorithms and filters were
proposed on this context. CA operators has shown its efficiency by designing convolution
mask as rotor mask in both spatial and frequency domain. Resultant images are transformed as
edge detected images from input color images by rotor convolution operations. The boundary
edges explicitly define the objects in the image. Also, it is observed that the object identification is more useful if the edges are defined in single bit pixel form termed as edge point [35].
It reduces the computational time requirements for further processing steps. The object features
like shape, location, focus etc. are smoothly accessible from the resultant image. An object is
well defined by the closed boundary called as contour. These edge points which are connected
in an order define the object boundary or contour.
A set of edge points determines the geometrical structure of blood vessels instead of
continuous thick edge from a retinal image. Retinal image, consisting of several objects
projected by fundus camera is discussed earlier. Blood vessel extraction is considered as a
region of interest to be worked with, in further stages. The contour detection of the blood
vessel plays a major role. The edge points differentiate region of interest from uninterested
region of the retinal image. A matched filter is required to be applied on the retinal fundus
image to determine the edge points along every possible edge of the blood vessel tree.
In Image Processing, a conventional mask moves over an image to achieve several tasks
like sharpening, blurring, noise removing, edge detecting, embossing ofan image. The mask
acts like a kernel or dedicated matched filter for a particular application on an image. It is
observed that a small 2D plane walks through every possible coordinate of 2Dspace. The
nature of this small plane resembles with the mask and the space with the retinal image is
considered in this proposal. The features containing in the plane strictly determine the
character of the resultant retinal image. A plane is described as a flat surface bounded by
two vectors separated by a certain angle. CA defines plane as a subspace containing two unit
vectors for ndimension space. In this algebra, all the subspaces are individual elements
working on basic geometrical objects like point, line, circle, and sphere. CA framework
introduces the perception of multivector. A multivector is a combination of Grade − k vectors
where k = 0, 1, 2, …, n − 1 in n dimensional vector space. Every Grade − k vector is
representing a subspace in CA. A 2D retinal image is a space consisting of finite number of
geometric objects. The edge points on those geometric objects are required to be identified by
a mask. The mask is a multivector unit operating as a single entity on the image pixel wise.
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Though pixels characteristics are maintained by RGB color model but further in the proceeding steps pixels are green channelized. The convolution of multivector in form of 3 × 3masks
changes pixels’ behavior towards edge points. The mask comprises of Grade − k vectors (Gk )
wherek = 0, 1, 2 at each position of it for 2Dcolor image (space). The closed boundary by those
edge points describes the vessels as a contour for the vessel tree of an image. This literature
proposes a convolution mask designed to extract blood vessels as edge points from a fundus
retinal image using Clifford Algebra.
This paper introduces Clifford matched filter which helps to segment the retinal blood
vessel from fundus image using Clifford convolution operation. This segmentation step is also
considered as the initial march towards automatic detection of Diabetic Retinopathy with low
computational overhead. The proposal works on the DRIVE and STARE dataset which is
available online. The rest of the paper is organized as follows. Section 2 discusses about the
various blood vessel extraction methodologies and usefulness of CA framework proposed for
edge detection. Clifford Algebra & its operators are introduced in section 3. In section 4, the
mathematics behind the blood extraction mask design is discussed. Section 5 explores about
the edge point detection in the blood vessels by proposed mask based on Clifford convolution
applied on a retinal image. The experimental results and performance measurements are
discussed in section 6 and 7 respectively. Finally section 8 concludes this paper with future
scope findings.

2 Related work
Numerous researches were done on the segmentation of blood vessels. In general a very few
variety of them had been associated to retinal blood vessels. The matched filters were totally
based on a correlation degree among the expected shape sought for and the measured signal.
For the enhancement of retinal vasculature, a 2D matched filter was designed to convolve with
the fundus image using Gaussian kernel was discussed in [8]. There are different derivations of
Gaussian filter which help in blood vessel detection from the retinal images [56]. Region based
threshold probe was applied to segment the vessel network in response of matched filter [23].
Local entropy based thresholding was proposed in [7]. Vessel tracking method is another
techniques used in many researches. This method looks for the continuous blood vessel
fragment based on specific local information from a specified point [27]. Traditional edge
detectors like Sobel, Roberts, Canny and gradient operators are able to find the vessel direction
and boundary. These methods faced challenges like vessel bifurcations and crossings [17].
Mathematical morphology is used in many literatures regarding blood vessel extraction. The
morphological operators have adequate dominance to extract the blood vessels for error free
diagnosis by the ophthalmologists is illustrated [49]. In [15], a two steps method was
introduced where in the first step morphological filtering coupled with curvature evolution
was used. In next step blood vessel extraction operation is performed. Morphological properties were used in [54] for discrimination of blood vessels with similar structures. These
methods also suffered with similar problems like tracking methods. Region growing methods
were performed to overcome the problem as reconstruction of complete vessel network. This
method is completely based on the gray level intensities. A pixel is incorporated with region
having similar gray intensities and it is expected to fit in the objects. In [21], a seed point was
introduced with the predefined criteria helps to enhance a region gradually. Region growing
approaches deal with the change of image intensities. Multi-scale approach is another scope for
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blood vessel segmentation where variation of resolution has the key role [1, 5]. Multi-scale
analysis of first and second order spatial derivatives of the gray level depth picture turned into
segmented blood vessels having distinctive widths, lengths and orientations [5]. A vascular
modeling algorithm was proposed in [50] based on multi resolution representation of retinal
images. The features of the vasculature were captured by using nonlinear orthogonal projections in [55] and a local adaptive thresholding algorithm was engaged for detection of blood
vessel [25]. In recent days supervised methods are the better choice for vessel extraction
among the researchers [47]. Gaussian mixture model with supervised learning is discussed in
[39]. In [44], the authors have proposed vessel tree extraction using Gabor filtering as feature
classifier followed by K – means clustering technique. The literature [41] had proposed line
operators to extract blood vessels using two interrelated vessel detection methods applied on
digital fundus images.
Clifford Algebra (CA) has a wide acceptance in the field of Image processing. Many
researchers found it as an inevitable tool for edge detection, feature extraction and
pattern matching applications. A proper image representation and edge detection partially
determine the nature of the output image [43]. Several researchers are still working in
search of improved edge detection algorithm by using CA. Thus the improvement causes
the change in definition of edge expressed by CA. A literature proposes that the edges
are detected as the differences in color with neighborhood pixels. A rotor mask is applied
to realize the color changes among the pixels. Another alternative approach is introduced
to observe where the colors are represented by color multivector. It manages to find edge
between color blocks depending on the color sensitiveness using rotor convolution [31].
An enhanced version of edge detection is proposed in [18]. It considers a vector filter
mask to detect edges in color images. The mask exploits Clifford product to extend the
convolution. The color triplet is treated as vectors and pattern matching technique is
followed by the proposed convolution mask. Geometric Algebra co-processor is proposed for edge detection of color image is discussed in [32]. This paper is an extension
of [31] which develops hardware of the rotor mask used as filter. In [45], a new method
is introduced where gray level data is separated from color part of the image. The gray
level data are used in common existing methods. A new data structure of multivector is
applied on the color part to obtain edges from image. The paper demands similar
performance compared to edge detection techniques working on RGB channeled images.
CA has a wide area of applications in image processing domain. Pixel wise color
representation, edge detection and active contour generation is discussed in [6]. The
paper generally focuses on geometrical procedure to handle colors with algebraic entities
and expressions. The computer aided diagnosis using medical images is an interesting
zone for research. Segmentation and shape analysis of objects are the motives that are
discussed in [11]. It confers the contribution of Geometric algebra in detecting shape of
medical image objects by smoothing the objects’ edges. A linear filter using hyper
complex convolution is proposed in [14]. It is implemented on the basis of pixel wise
color representation using multivector. The colors in RGB color model are defined as
vector. The vectors are encoded to saturation and luminance property by using Geometric
algebra operations. The model proposed in [10] recommends spatial filtering that leads to
edge detection. A theoretical framework using CA is introduced for multidimensional
image. This concept is introduced in [42], which have the aim to detect edges in form of
computation at the fundamental surface related with a medical image. It also introduces
Clifford bundle setting for every dimension in MR and CT modalities. In [3], color
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infrared images are taken as research input to detect edges using CA. A new dimension
temperature is added to RGB model. An edge detection approach is considered with
some constraints on both color and temperature [4]. CA framework has the ability to
detect edges, matching the patterns and extract features of a color image.

3 Clifford algebra
3.1 Fundamental theory
Clifford Algebra was invented by William K. Clifford in 1876 as a method of quaternion
generalization to higher dimension. CA offers an invertible, associative product called
Geometric product as the combination of dot product and outer product. This algebra
stands as a powerful framework with integrated features like complex number, projective
geometry, coordinate geometry and linear algebra. Quaternion algebra is another wing of
CA by incorporating the concept of subspaces into it. The conventional concept of linear
algebra is extended towards CA considering set of subspaces and operators [18]. CA is a
coordinate free tool and it is easier to model geometric objects and their several
transformations. In comparison with linear algebra, CA treats vectors as 1Dsubspaces
and scalar as 0D (zero) subspaces. CA replaces dot product and cross product to inner &
outer (or wedge) product respectively. The subspaces of any dimension are called blades.
A blade representing certain kdimensional subspace with knumber of basis vectors
describing it is called as Grade − k (Gk ) vectors. A blade of 2D subspaces is Grade −
2 (G2 ) vectors or bivector. Similarly, a blade of 3Dsubspaces is a Grade − 3 (G3 ) vectors
or trivector. The blades are defined as a new type of product known as outer product or
wedge product. A bivector represents the oriented area spanned by two vectors in form
of wedge product. Similarly, a trivector represents volume spanned by three vectors.
A Euclidean vector space Vn of n dimension is considered where its orthonormal basis
vectors are e0, e1, e2, …. en − 1. The subspaces are derived from the vector space Vn by
using CA. A corresponding n dimensional Clifford space Cln is formed where subspaces
are basis elements. It is composed of 2n blades or subspaces. For example, Cl2 space has
four basis blades {1, e1, e2, e1 ∧ e2} and similarly Cl3 space is composed of eight basis
blades{1, e 1 , e 2 , e 3 , e 1 ∧ e 2 , e 2 ∧ e 3 , e 1 ∧ e 3 , e 1 ∧ e 2 ∧ e 3 }. The highest dimension basis
blades are bivector and trivector in 2D and 3D respectively. These basis blades are
known pseudoscalar and is denoted with I in CA.
Geometric product is an inevitable operator in CA. The geometric product of any two basis
vectors e1 & e2 ise1e2. The product is anticommutative in nature. Mathematically it is formulated as,eij = eiej = − ejei = − eji, ∀ i ≠ j.
The geometric product of a basis blade to itself results +1, −1, 0. It suggests that there are
nonnegative integers p, q & r such that n = p + q + r and
8
< þ1 for i ¼ 1; 2; :…:::; p−1:p
ei ei ¼ e2i ¼ −1 for i ¼ p þ 1; :……:; p þ q
:
0 for i ¼ p þ q þ r; :……:::; n

ð1Þ

The above mentioned formulation proves the associativity of linear algebra with identity to
define Clifford space Cln of dimension n = p + q + r generated by the vector space Vn [43].
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The basis blades combine to form a generic element is known as multivector in CA. It is
generated as an entity containing several grades of 2n subspaces in Cln . Such as, A = 〈A0〉 +
〈A1〉 + 〈A2〉 + ……. . + 〈An〉 where the multivector A∈Cln.
The geometric product is expressed for two vectors a and b as a combination of inner
product and outer product mentioned earlier in this section.
ab ¼ a  b þ a∧b

ð2Þ

3.2 Two dimensional Clifford space
A Clifford space in 2D is represented as Cl2 where it consists of four basis blades with different
grades. Each grade suggests a corresponding dimension associated with the subspace to
represent itself. The subspaces are defined in form of basis blades listed in Table 1.
A generic multivector in Cl2 is a linear combination with real coefficient of those subspaces.
Multiplicity generalizes the subspace but blades discriminate individually. Hence, a
multivector Μ in Cl2 is expressed as:
Μ ¼ a0 þ a1 e1 þ a2 e2 þ a12 e12

ð3Þ

The pseudoscalar element I in Cl2 is the bivector subspace. The subspace e1e2 is squared to
give I2 = − 1 according to the identity mentioned above. This property is extended from
pﬃﬃﬃﬃﬃﬃ
complex number where imaginary plane exists in search of −1 [18]. The multivector in
Eq. 2 is rewritten as
Μ ¼ a0 þ a1 e1 þ a2 e2 þ a12 I

ð4Þ

The generic multivector Μ in Cl2 is considered as the summation of the scalar and vector. The
elements involved in it are concerned about the intensity (magnitude) and the direction of the
multivector.

3.3 Outer product null space (OPNS)
Blades are defined as the interpretation of linear subspaces. OPNS is based on the theory of
blades. For example, given a vectora∈Vn, can be defined a function Oa as
Oa : x∈Vn ↦x∧a∈Cln

ð5Þ

The kernel of this function is the set of vectors in Vn that Oa maps to zero. This kernel will be
called the outer product null space (OPNS) of aand denoted by NOða). That is

Table 1 Subspaces in Cl2
Subspace

Grade

Multiplicity

Basis blade

Scalar
Vector
Bivector

0
1
2

1
2
1

1
e1, e2
e1 ∧ e2
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kern Oa ¼ NOðaÞ≔f x∈Vn : x∧a ¼ 0∈Cln g

ð6Þ

It is known that x ∧ ais zero if and only if xis linearly dependent ona. Therefore, NOða) can
also be given in terms of aas
NOðaÞ ¼ fαa : α∈Vg

ð7Þ

Which means that the OPNS of ais a line through the origin with the direction ofa. In
Geometric Algebra it is therefore said that a vector in Vn represents a line. Now considering
a bivector or Grade − 2 (G2 ) vector a∧b∈Cln, a function Oa∧b can be defined as
Oa∧b : x∈Vn ↦x∧a∧b∈Cln

ð8Þ

Therefore the kernel of this function becomes kern
Oa∧b ¼ NOða∧bÞ≔f x∈Vn : x∧a∧b ¼ 0∈Cln g
The OPNS function for bivector can be parameterized as in terms of a and b is


NOða∧bÞ ¼ αa þ βb : ðα; βÞ∈V2

ð9Þ

ð10Þ

Hence it is said that a ∧ b forms 2D oriented subspace of Cl2 spanned by a and b through
origin. In general the OPNS for Grade − k vector Ahki ∈Cln is as follows:


 
NO Ahki ≔ x∈Vn : x∧Ahki ¼ 0

ð11Þ

3.4 Inner product null space (IPNS)
Similar to outer product, the null space of blades with respect to inner product can also be
defined. The inner product null space (IPNS) of Grade − k vector Ahki ∈Cln, denoted by


NI Ahki , is the kernel of the function I Ahki defined as


I Ahki ≔ x∈Vn ↦x:Ahki ∈Cln :
and thus
o

 n
NI Ahki ≔ x∈Vn : I Ahki ðxÞ ¼ 0∈Cln

ð12Þ

3.5 Reflection and rotation in Cl 2 space
The reflection and rotation operations in CA enrich its representational power to express
any kind of geometric objects. These two operations are applied for geometrical transformations of any subspace exist in Clifford space. Generally, a Grade − k (Gk ) vector X
in Cl2 is reflected in a plane perpendicular to a Gk vector n is–(−1)knXn−1 as transformed
Gk vector X′ where0 ≤ k ≤ 2 [12]. A rotation is defined as a pair of consecutive reflections. The reflection –nXn−1 followed by another reflection in a plane perpendicular to a
G1 vector m results another Gk vector in form of (mn)B(nm). The product mn represents
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a multivector and is considered as rotational element or Rotor R. The revised form of
~ where RR
~ ¼ 1 and R
~ denotes reverse of the rotor R.
rotation is formulated as RXR

3.6 Clifford convolution
Convolution operator is useful on scalar fields. This operator is also regarded as the computationally expensive operator for scalar valued elements. If m is a scalar field (i.e. a scalar value
2D image defined on a N1 × N2 grid) and h is a scalar value filter, the discrete convolution
between m and h is defined as:
N1 −1 N2 −1

ðm*hÞr;s ¼ ∑ ∑ hi; j mr−i;s− j

ð13Þ

i¼0 j¼0

Ebling and Scheuermann used the convolution operator to vector fields as an extension. It is
also used as geometric product of multivectors given in the CA framework. The product
referred here is obtained by Clifford multiplication. The multiplication on the vectors can be
converted into the multivectors. This multiplication is regarded as a convolution of a point in
the vector field. The Clifford convolution generalized to the concept of arbitrary filter mask
described in [13]. Here, the definition of the convolution operator is applied to two 2D
multivector fields. A color image v is considered as a 2D multivector field and h is a
2D multivector filter mask. The discrete convolution between v and h is defined as:
N

ðv*hÞr;s ¼ ∑

N

∑ hi; j vr−i;s− j

ð14Þ

i¼−N j¼−N

where N is the dimension of the filter grid.

4 Clifford matched filter design
A 2D retinal image is similar to a 2D space containing finite number of geometric objects. The
classification of objects vary image wise. An infected image must contain more geometric
objects compare to normal retinal image. Different types of objects in a retinal image depict in
Fig. 1 a and b. Every feature in normal retinal image along with abnormalities has its own color
to define itself. The color and shape are two common features to identify abnormalities in eyes.

Fig. 1 a Normal Image b Infected Image
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A spatial filter convolves to generate a new image with edges. The sets of edge points as
object boundaries are extracted by the help of a filter proposed here. The intention of this filter
is to find out the homogeneity behavior among the neighborhood pixels. The convolution
mask (spatial filter) is mapping 3 × 3 binary pixels of the image to the pixel of interest (POI)
while travelling throughout. The filter is defined by using CA operators. The point of interest is
considered as Grade − 0 point. The movement of the filter is always towards the right direction
(considered x axis) and downward direction (considered y axis) shown in Fig. 2.
Two unit vectors along x & y axis are er and ed respectively. They form a bivector which is
considered as a plane. The filter is a plane (2D space) stirring on another plane (image) pixel
wise. The purpose of this movement is to find the homogeneity nature between the pixels.
Homogeneous can be described as a reflective nature. If the similar property is reflected in
neighborhood pixels then it is said that the region is under same object boundary. The filter
tries to compare the reflected nature of the bivector (plane) in neighborhood pixels with the
pixel of interest at the centre of the filter. Behavioral dissimilarity suggests the presence of
object boundaries between the adjacent regions. A reflection holds the actual behavior of a
certain entity with reverse direction. The theory behind the development of this filter is the
reflection of plane (bivector).
The table described below is the theoretical consideration on generation of the proposed
filter. The pixels are referred here as Gk vectors or blades where k = 0, 1, 2 in Cl2 is described in
Table 2.
Unit vectors are considered due to single bit representation of the pixel. Figure 2 depicts the
plane erd generation by two unit vectors erand edat two different pixels in right and downward
side of the pixel of interest respectively.
The pixel set in the proposed filter is divided into two sets of visited & unvisited pixels. The
visited set comprised of the pixels already convolved and the unvisited are yet to convolve in
coming iterations. The properties of the visited neighbourhood pixels are simply copied with
respect to each other. The visited pixel set is determined by the filter using OPNS property
except one index at (0, 2). As an example, the first index (0, 0) of the filter will be examined.
er ∧ ed is linearly dependent withGrade − 0vector x and this bivector passes through the origin
to generate a null space. The OPNS for er ∧ ed in Eq. (6) is rewritten in Eq. (12).
kern Oer ∧ed ¼ NOðer ∧ed Þ≔f x∈Vn : x∧er ∧ed ¼ 0∈Cl2 g (15)
The null space suggests the index always works with the pixel which is already convolved
by the filter. The oriented subspace has no objective in determining of current POI. At index

e

Fig. 2 Axis orientation of the
filter’s movement

e

e
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Table 2 Orientation of blades in proposed filter
<erd>

<−ed>

Reflection w.r.t <er> is <−erd>

<−er>
Reflection w.r.t <ed> is <−erd>

Point of culture (vector origin)
Visit along y axis <ed>

Visit along x axis <er>
Bivector formation <−erd>

(0, 2) is reflection of the bivector erd as an update over OPNS. The reflection operation of CA
helps in copying the Gk vectors for other unvisited neighbourhood pixels in this proposed filter.
During convolution, the neighbourhood pixels covered in the filter determine the value of pixel
of interest (POI). The proposed filter in terms of Gk vectors is shown in Table 3.
The properties associated with the visited pixels are determined by the wedge product of
two unit vectors erand ed. The visited pixels are already determined as POI with respect to
image space. Every pixel of an image mapped to visited pixels is transformed to Gk vectors in
earlier iterations. The Clifford multiplication of blades between the visited pixel and image
pixel allow closed operation in Cl2 .

5 Proposed methodology
5.1 Segmentation methodology
The retinal image normally has inaccuracy like negative contrast and noise, which is needed to
be reduced or removed before extracting pixels’ capabilities for category. So preprocessing is
essential step to be observed, which incorporates unique sub-steps. In standard, retinal blood
vessels have lower reflectance and seem darker than different systems in a retinal image [28].
In fundus image learning, the green channel of the RGB demonstration shows finest contrast
while the red channel is drenched with lowest contrast and the blue channel is very noisy and
suffers from poor dynamic range. Hence, for the course of segmentation green channel is
selected as the blood vessels are best represented and retrieves maximum contrast [38]. The
proposed methodology is represented by block diagram depicts in Fig. 3.

5.2 Contrast limited adaptive histogram equalization (CLAHE)
Adaptive Histogram Equalization (AHE) is modified into Contrast Limited Adaptive Histogram Equalization (CLAHE) for contrast enhancement of the retinal images. AHE is an
automatic image processing procedure which is castoff to growth the contrast of the images.
The AHE works on small sections in the image in preference to entire image and compute
histogram for every area and those are then used to redistribute the lightness values of the
image. Therefore it is appropriate for enhancing the neighborhood contrast but it has a
tendency to over reinforce the noise in uniform regions of an image. So CLAHE is used to
crush this trouble by means of proscribing contrast [9].
Table 3 Gk Vectors in proposed
filter

0

0

-erd

0
-erd

e
ed

er
-erd
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Fig. 3 Flowchart for blood vessel
segmentation using Clifford
matched filter

5.3 Image vectorization in Clifford space
A retinal image holds the maximum information on a certain instance of the retina provided by
the fundus camera. The image following a color model consists of finite number contours of
the objects as mentioned in earlier section. The contours are formed as boundary of the blood
vessels. The detected edge points shape the same contour of a vessel tree as similar as edge
from the image. The vasculature in 2D image are the 2DClifford space objects. Binary mode is
the best descriptor for identification of boundary from its background to foreground appearance. The objects are converted into the binary mode to reform its nature. It is considered that
the foreground and background pixels of the objects are represented by vector and scalar unit
respectively. The pixels associated within the vessels’ boundary are treated as vector set. The
boundary suggests the vector scalar transition points. This literature finds out the essential
transition points to represent a blood vessel by filtering the continuity of the boundary. The
edge points come up as the discontinuous points after applying the proposed filter. The filter
generates the blades or Gk vectors in Cl2 converted from Gr vectors wherer ∈ {0, 1}.

5.4 Clifford convolution using matched filter
The filter is the combination of Gk vectors applied on the image pixel wise. The elements
belong to the filter are the basis blades of a generic multivector. POI is represented as the scalar
segment or G0 vector. There are two ideologies for selecting POI as scalar unit for the filter.
Firstly, the movement axis’ unit vectors er and ed origin remain constant as its value is
considered not its direction. Secondly, the motive is to identify the discontinuous points at
the boundary. The background pixel’s scalar value is needed to be changed into blade form.
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The unit vectors are used along the movement axis in either or direction. The G1 vectors used
here are expressing the continuity of the edge or the boundary of the objects. Bivectors
generated as the visited or unvisited plane according to movement axis vectors. The area
spanned by the vectors is G2 vector’s specialty. It is necessary to obtain the points inside or
outside the boundary of the objects. The visited pixels are expressed as Gk vectors and
unvisited as vector or scalar. The bivector discriminates the unvisited plane from visited plane.
This G2 vector is registered at every corner of the filter to determine the corner point in the
continuous edge. The vector scalar transition points and corner points are the elements of edge
point set for every object in an image. The filter containing all shades of blades in Cl2 is defined
as a multivector M.
M ¼ hM0 i þ hM1 i þ hM2 i

ð16Þ

Consider M is a multivector valued field of a vector variable x defined on image B Clifford
space Cl2 . The Riemann integral of M by
∫B MðxÞjdxj ¼

lim

n
  
∑ M x j Δx j 

jΔxj→0;n→∝ j¼1

ð17Þ

Where, Δx ¼ dx1 ∧dx2 I −1
2 , is defined as the dual oriented scalar magnitude. The quantity |Δx| is
used here to make the integral grade preserving since dx is a vector within Clifford algebra in
general [40].
The directional derivative of M in direction r is

Mr ðxÞ ¼ lim

h→0

Mðx þ hrÞ−MðxÞ
h

with
r∈Cl2 ; h∈V2 :

ð18Þ

Hence, the vector derivative becomes for both directions erand edis formulated in Eq. 16.

∇ ¼ ∑ ej
j¼r;d

∂
∂e j

ð19Þ

The convolution has to be computed at every vector of the image space. But at the border of
the vector field, the convolution needs values outside the vector field. So, similar to image
processing, there is the problem of boundary values. The solutions for this problem are the
same as in image processing with all their advantages and disadvantages [13, 24]. The values
can be chosen as follows:
1. Zero. Artificial edges are thus developed at the boundary.
2. Extrapolated. At the simplest case, one can take the values at the boundary. Another
possible extrapolation is to reflect the values at the border. All extrapolations lay too much
stress on the border values.
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3. Cyclic convolution. The image is assumed to be periodic and the values are set accordingly. This is very much dependent on the chosen display window as most images and
vector fields are not periodic.
4. Window function. The values are gradually reduced to zero near the boundary. Some
values at the border are lost but otherwise this is the preferred approach.
A convolution helps to make changes in the original image with the help of a kernel or mask.
The multivector M is applied as a mask on 2D binary image B having P × Q number of
pixels. It is discussed earlier that the image pixels are described either by vector or scalar
unit. In this paper, the mask is also used for conversion of 2D vector space V2 to 2D Clifford
space Cl2 : V2 →Cl2 :The multivector M walks through the image pixels to obtain all the
objects’ (blood vessels) edge points. After completion of every pixel wise iteration, a
necessary change is observed in terms of grade and space conversion. This adaptation
causes due to Clifford convolution between the proposed multivector M and the imageB
is shown in Eq. 17.
ðB*MÞt ¼ ∫V2 BðξÞMðt−ξÞjdξj

ð20Þ

The consequences of this convolution solely depend upon the basis of Clifford multiplication.
The product of this multiplication consists of two parts as inner product and outer product
shown in Eq. 18.
BðξÞMðt−ξÞ ¼ BðξÞ  Mðt−ξÞ þ BðξÞ∧Mðt−ξÞ

ð21Þ

The pixels in B is multiplied either as vector or scalar with the multivector M. According to
[40], it is known that a scalar multiplication is obtained whenever the scalar unit of B is
multiplied with Gk vectors of M in terms of dot operation shown in Eq. 18. The resultant scalar
product against a pixel is expressed in form of G0 vector which represents an edge point. The
foreground pixels are representing the objects in form of vectors. The pixels in B as vectors are
multiplied with the multivector M to produce the outer product. The wedge is representing the
desired bivector as G2 vector. The blades deduced from Clifford product are closed under the
multivector field M. The bivector assured the existence of plane inside the continuous
boundary of the object. It is also observed that the edge points must exist when the wedge
product tends to zero. Clifford convolution differentiates the scalar G0 and vector G1 segments
in an image. The Clifford convolution is rewritten as Eq. 19 by replacing Eq. 18 in Eq. 17 is
shown below:
ðB*MÞt ¼ ∫V2 BðξÞMðt−ξÞjdξj ¼ ∫V2 BðξÞ  Mðt−ξÞjdξj þ ∫V2 BðξÞ∧Mðt−ξÞjdξj

ð22Þ

The convolution results the image space into Cl2 space with the existing edge points that
denotes the possible boundary of the blood vessels.

5.5 Edge point set collection
Every pixel in the resultant image is represented as Gk vectors. The edge point set obtained
after the convolution is the G0 vector set for retinal image shown in Fig. 4. Figure 4 b reflects
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Fig. 4 a Input fundus image b Blood vessel segmented image c Edge points in segmented image

the exact output of the input fundus image after segmentation. Figure 4 c magnifies the output
image to display the edge points in the segmented blood vessels as a single bit pixel.
This proposal does not consider all the blood vessels as a single object. The vessel tree in
the image is the collection of finite number of sub trees. Every sub tree is formed by collected
set of edge points. The set of edge points are considered as a single object in the image. The
number of objects involved in the image must contain a subset of G0 vector set individually.
The closed curve that is formed by the subset defines contour of the objects. For example, if a
retinal vessel B contains finite numbers of objects say n, then every object in object set {O1,
O2, O3, …., On} is represented by a particular subset of G0 vector set or edge point set.
Therefore it can be said that every sub tree of vessel tree is an object expressed as a G0 vector
set.
An image is a compilation of focused and non focused objects [34]. The filter proposed
here, generates the edge points from retinal images by Clifford convolution. The purpose is
dedicated for extraction of blood vessels objects present in the fundus image. The edge points
will help to recreate the similar shape or structure of the vessels compared to continuous edges
proposed in various literatures. This approach is different from others with respect to pixel
distance between the parallel boundaries of the blood vessels. Physically, the thickness of the
vessel in the image can be measured as pixel distance. No other approach has made this type of
observation till date. There is a choice for region based observation where the blood vessel
structure is divided into various regions. A region is treated here as the vessel sub tree or object
which holds the edge points. It will be easy to label every edge point region wise. An ordering
of those labelling also reveals blood vessel structure collecting all regions together.
Generally, the focused objects are the objects of interest in maximum scenarios. In this
literature retina is focused to reflect the health of an eye by fundus camera. The blood vessels
are extracted from retinal images as initial step for automatic detection of Diabetic Retinopathy. The ordered edge points of the blood vessels permit other image processing operators to
work in lower computational cost. The experimental results are discussed in the following
section.

6 Experimental results
The proposed technique is carried out on publicly available databases i.e. the DRIVE database
[33, 48] and the STARE database [23]. This approach is tested on 20 images data set each from
DRIVE with 45° FOV and STARE with 35° FOV databases of normal and abnormal cases
with different ages ranging from 31 to 86 years old. A number of the outputs of retinal fundus
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Fig. 5 DRIVE image name: 03_test.tif a Input Retinal Image b Image after CLAHE (c) Output image

images are noted in Figs. 5, 6, 7, 8, 9 and 10 for DRIVE datasets having 584 × 565 resolution
and Fig. 8 to Fig. 10 for STARE datasets having 605 × 700 resolution.
Figure 5 to Fig. 10 depicts the input fundus image, resultant blood vessel extracted image
using Clifford matched filter with the intermediate image after CLAHE is applied. The DRIVE
and STARE images are kept in tagged image file (tif) and portable pixmap (ppm) format. The
intermediate step CLAHE helps to distribute the contrast uniformly over whole image. It
makes clear to discriminate foreground from background. It helps in the unit Vectorization of
the converted retinal image to fit in Clifford space. Clifford matched filter has its generosity of
incorporation with Clifford convolution.
The entire extracted vessels in the output are transparent by nature. The term transparency
suggests the presence of edge point pixels along the boundary of the blood vessels instead of
solid foreground blood vessels. The conversion into Clifford space helps to generate these
outputs. The outputs are completely dissimilar to other matched filter methodologies proposed
in past due to uniqueness space conversion and filter design.

7 Performance evaluation
Performance measurement of a methodology proposal is an important step. What constitutes
an “acceptable” result differs significantly, and is often based on visual subjective opinion with

Fig. 6 DRIVE image name: 07_test.tif a Input Retinal Image b Image after CLAHE (c) Output image
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Fig. 7 DRIVE image name: 18_test.tif a Input Retinal Image b Image after CLAHE (c) Output image

very little quantitative endorsement [29, 35]. The accuracy is measured for the proposed
methodology using quantitative measures. The obtained results are representing vessels in
both the healthy and unhealthy cases, as a “mask” with its equivalent “gold standard”. The
“gold standard” is obtained by manually drawing the retinal vasculature representing vessel
tree within each retinal image. The outcome of the proposed filter differs from the manual
observation made in DRIVE and STARE datasets. The boundary of the vessels corresponding
is manually traced to extract the region and generate a “ground truth (GT) image” [35].
Its miles had to be quantitative in order to obtain the accuracy of the proposed approach to
segmentation. The “mask” derived is in comparison with the GT to obtain the measures of
“True Positive (TP)”, “False Negative (FN)” and “False Positive (FP)”. TP denotes the
intersection of received masks and GT indicating the actual healthy among the two. “False
Negative” is the under-segmented region that is absent in “mask” whereas inFP, it is the oversegmented location that is absent in GT. By the use of these parameters at the output of all the
images having vessel extraction sense, the following effects are received on one of a kind
quality measures. There are three different performance measures used for the evaluation of
this methodology. They are: Sensitivity (SE), Specificity (SP) and Accuracy (ACC). The
mathematical expressions for these measures are given as:

Fig. 8 STARE image name: im0003.ppm a Input Retinal Image b Image after CLAHE (c) Output image
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Fig. 9 STARE image name: im0163.ppm a Input Retinal Image b Image after CLAHE (c) Output image

SE ¼

TP
TP þ FN

ð23Þ

SP ¼

TN
TN þ FP

ð24Þ

ACC ¼

TP þ TN
TP þ FP þ TN þ FN

ð25Þ

The results are listed in Table 4 and 5 for DRIVE and STARE dataset respectively. The tables
have three columns for displaying Sensitivity, Specificity and Accuracy value for 20 images
each from both the databases. The last row of each table computes the average of each, for
three measures.
The other methods on blood vessel segmentation are compared with the acquired experimental results in Table 6. The resultant binary images are illustrated in Fig. 5 c to Fig. 10 c.
The visual inspection suggests the proposed method has demonstrated an accurate blood vessel
tree and has satisfactory results according to Tables 4 and 5. There is an inclusion of a column
in the comparison table that suggests whether the approaches are made on whole image or ROI
[52]. NA indicates the unavailability of the information. In the review section several methods

Fig. 10 STARE image name: im0255.ppm a Input Retinal Image b Image after CLAHE (c) Output image
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Table 4 Performance of Clifford matched filter applied on DRIVE dataset
Image

ACC

SP

SE

01_test.tif
02_test.tif
03_test.tif
04_test.tif
05_test.tif
06_test.tif
07_test.tif
08_test.tif
09_test.tif
10_test.tif
11_test.tif
12_test.tif
13_test.tif
14_test.tif
15_test.tif
16_test.tif
17_test.tif
18_test.tif
19_test.tif
20_test.tif
Average

0.9243
0.9250
0.9268
0.9312
0.9247
0.9227
0.9286
0.9307
0.9283
0.9262
0.9194
0.9302
0.9215
0.9326
0.9368
0.9356
0.9353
0.9387
0.9312
0.9411
0.9295

0.9598
0.9582
0.9597
0.9634
0.9596
0.9589
0.9619
0.9631
0.9625
0.9590
0.9568
0.9636
0.9585
0.9639
0.9663
0.9651
0.9650
0.9674
0.9637
0.9676
0.9622

0.4196
0.4454
0.4366
0.4446
0.4349
0.4375
0.4338
0.4254
0.4108
0.4385
0.4389
0.4206
0.4321
0.4349
0.4330
0.4976
0.4494
0.4505
0.4346
0.4643
0.4392

are discussed with their respective approaches having similar nature in their visual outputs.
This proposed method differs from them and competes in the performance. Clifford matched
filter using Clifford convolution performs on the whole image to find 94.88% of accuracy on
STARE and 92.95% of accuracy on DRIVE datasets. It struggles in finding TP pixels compare
GT image results 43.92% and 43.17% sensitive on DRIVE and STARE datasets respectively.
Table 5 Performance of Clifford matched filter applied on STARE dataset
Image

ACC

SP

SE

im0001.ppm
im0002.ppm
im0003.ppm
im0004.ppm
im0005.ppm
im0044.ppm
im0077.ppm
im0081.ppm
im0082.ppm
im0139.ppm
im0162.ppm
im0163.ppm
im0235.ppm
im0236.ppm
im0239.ppm
im0240.ppm
im0255.ppm
im0291.ppm
im0319.ppm
im0324.ppm
Average

0.9495
0.9522
0.9551
0.9587
0.9473
0.9542
0.9427
0.9461
0.9464
0.9418
0.9318
0.9462
0.9435
0.9451
0.9427
0.9473
0.9360
0.9604
0.9669
0.9629
0.9488

0.9713
0.9739
0.9743
0.9770
0.9701
0.9752
0.9689
0.9699
0.9695
0.9681
0.9614
0.9712
0.9688
0.9698
0.9697
0.9717
0.9656
0.9787
0.9810
0.9793
0.9718

0.4598
0.4258
0.4332
0.4185
0.4304
0.4271
0.4329
0.4426
0.4500
0.4258
0.4644
0.4333
0.4282
0.4331
0.4240
0.4164
0.4594
0.3578
0.4534
0.4174
0.4317
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It happens due to transparency of blood vessels with the background and most importantly the
pixel count in the output image is low compare to others. Every detected single pixel edge is
responsible as boundary of the blood vessels. Whereas the TN (True Negative) is completely
fine as it doesn’t let any non vessel as segmented vessel. The acquired specificity results are
97.18% and 96.22% on STARE and DRIVE databases, respectively.
Clifford matched filter using Clifford convolution is similar to other matched filters except
its geometric framework. Its nature of approach is completely different from mentioned
techniques in Table 6. The techniques used for performance comparisons with the proposal
are mainly linked with morphological operations, adaptive local thresholding, supervised
learning. In [25], an adaptive local thresholding based on multithreshold probing scheme is
proposed for vessel extraction. It performs with an accuracy of 93.37% with 89.5% of true
positive rate. Ridge based vessel extraction from ROI of two dimensional retinal image was
discussed in [48]. It is observed that its accuracy value for both DRIVE and STARE dataset is
marginally higher than proposed method shown in Table 6. [23] is another methodology
example of ROI based matched filter approach. It had focused on piecewise threshold probing
of a color fundus image to achieve its accuracy at 92.67%. In recent years, literature like [44]
achieves higher accuracy using three stage blood segmentation algorithm in both image sets.
Gaussian mixture model is used as feature classifier of preprocessed binary images following
supervised learning method. The method in [39] differentiates the segmented vessels and non
vessels components in the retinal images. Machine learning approach was proposed for
removal of the false detected vessels to achieve higher accuracy value displayed in Table 6.
It is observed that the accuracy and specificity difference between all the methods with this
literature proposal is very minor for STARE dataset. The scenario is opposite for DRIVE
images where the accuracy deviates higher but specificity is marginal among the vessel
segmentation procedures.
The method adopts matched filtering operation for vessel segmentation shown in Fig. 3.
Standard library function on green channelization and adaptive histogram equalization is
applied on the input image. Image vectorization is done using Clifford multivector tool as a
function. The function accepts two Clifford elements Grade – 0 vector and Grade – 1 vector.
This outcomes a transformed Clifford space of an image. It is achieved using GABLE [30]
Table 6 Performance comparison
STARE Images

ACC

SP

ROI/Whole Image

Proposed Method
Hoover et al. [23]
Jiang and Mojon [25]
Staal et al. [48]
Roychowdhury et al. [44]
Rani et al. [39]
DRIVE Images
Proposed Method
Chaudhuri et al. [8]
Xu and Luo [51]
Staal et al. [48]
Roychowdhury et al. [44]
Rani et al. [39]
Shah et al. [46]

94.88
92.67
93.37
95.16
95.10
95.01
ACC
92.95
87.73
93.28
94.42
95.20
93.70
94.79

97.18
95.67
–
–
97.30
97.47
SP
96.22
–
–
–
98.30
96.86
98.14

In whole image
ROI
NA
ROI
NA
NA
ROI/Whole Image
In whole image
In whole image
ROI
ROI
NA
NA
NA
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Table 7 Running time of Clifford convolution applied on drive dataset
Image

Running Time

Image

Running Time

01_test.tif
02_test.tif
.03_test.tif
04_test.tif
05_test.tif
06_test.tif
07_test.tif
08_test.tif
09_test.tif
10_test.tif
Average

0.0890 s
0.1157 s
0.0851 s
0.1252 s
0.0751 s
0.0821 s
0.0819 s
0.1134 s
0.1065 s
0.0871 s
0.0945 s

11_test.tif
12_test.tif
13_test.tif
14_test.tif
15_test.tif
16_test.tif
17_test.tif
18_test.tif
19_test.tif
20_test.tif
Standard Deviation

0.1057
0.1001
0.1016
0.0823
0.0835
0.0822
0.0999
0.0926
0.0825
0.0990
0.0137

s
s
s
s
s
s
s
s
s
s
s

library associated with Matlab® tool. The proposed matched filter is applied on the Clifford
space. The 3 × 3 filter is mathematically implemented using CLUCalc [26] library. Clifford
convolution accepts two elements multivector in a 2D convolution function. This technique is
implemented using the Matlab® tool with GABLE library evaluated on a Microsoft Windows® 8.1 Pro personal computer with Intel Core (TM) i3-3110M CPU 2.4 GHz and 4 GB
RAM. The running time for each color retinal fundus image for DRIVE and STARE dataset is
about 0.0945 s and 0.1074 s in average respectively shown in Tables 7 and Table 8. It is
acceptable for real time applications and reduce the computational overhead in further
processing steps. A comparison with other methods is given in Table 9. In contrast with
Table 9, a new observation is also incorporated in this paper shown in Table 10. This table
compares the performance of proposed method with all existing methods in Table 9 executed
in above mentioned hardware architecture. The associated algorithms of those methodologies
mentioned in both the table are separately implemented. The average running time comparison
reflects the motive. Some methods use supervised classification and require more timeconsuming training. The proposed method is training free and it results only the edge points
along the vessel boundary in <0.5 s computation time for both datasets by simple matched
filtering techniques.

Table 8 Running time of Clifford convolution applied on stare dataset
Image

Running Time

Image

Running Time

im0001.ppm
im0002.ppm
im0003.ppm
im0004.ppm
im0005.ppm
im0044.ppm
im0077.ppm
im0081.ppm
im0082.ppm
im0139.ppm
Average

0.1140 s
0.1211 s
0.1105 s
0.1124 s
0.1201 s
0.1048 s
0.1128 s
0.1387 s
0.1279 s
0.1296 s
0.1074 s

im0162.ppm
im0163.ppm
im0235.ppm
im0236.ppm
im0239.ppm
im0240.ppm
im0255.ppm
im0291.ppm
im0319.ppm
im0324.ppm
Standard Deviation

0.1176 s
0.1179 s
0.1244 s
0.1189 s
0.1089 s
0.1188 s
0.1197 s
0.1125 s
0.1533 s
0.0995 s
0.0125 s
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Table 9 Running time comparison with existing methods on DRIVE and STARE databases in independent
hardware
Methods

Average
running
Times
DRIVE

Average
running
Times
STARE

System

Techniques used

Proposed method

0.0945 s

0.1074 s

Clifford matched filter

Hoover et al. [23]

–

5 min

Jiang and Mojon [25]
Staal et al. [48]

8–36 s
15 min

8–36 s
15 min

Roychowdhury et al.
[44]
Rani et al. [39]

3.11 s

6.7 s

2.58 s

3.26 s

2.4 GHz CPU,
4GB RAM
Sun SPARC
station
600 MHz
1 GHz CPU,
1 GBRAM
2.6 GHz CPU,
2 GB RAM
3.4 GHz CPU,
4 GB RAM

Yavuz et al. [52]

8.6 s

9.1 s

3.3 GHz CPU,
4 GB RAM

Piecewise threshold probing
of a matched filter
Adaptive Local Thresholding
Ridge based segmentation and
kNN Classification
Gaussian Mixture
Model
Matched filters
and Supervised
Classification
Gabor filter and K- Means
Clustering

8 Conclusion
This paper motivates on the Clifford matched filter design. This mask is used in Clifford
convolution operation as a multivector field. The purpose of this mask is to identify the
discontinuous points at the boundary of the vessels in an image. This literature has observed
those discontinuous points as edge points. The ordered edge points represent the blood
vessels of the input image as similar as the edges. The output image is transparent with
respect to foreground edge points are easily differentiable to background. Hence the count
of foreground pixel is lesser than other existing methods of vessel extraction where the
vessel trees are solid to the background. The motive of detecting edge points instead of
edges is reduction of computational overhead in the further processing steps. The edge
points set are distributed over the whole vessel tree. The matched filter worked on whole
image set to segment the vessels. It is also applicable in further processing steps where ROI
is the only consideration. The ordered edge points will be able to represent the vessel
structure with lower number of edge points association. Another observation is found
advantageous where the vessel thickness can be dependably measured using number of
Table 10 Running time comparison with existing methods on DRIVE and STARE databases similar hardware
Methods

Average running
Times
DRIVE

Average running
Times
STARE

Proposed method
Hoover et al. [23]
Jiang and Mojon [25]
Staal et al. [48]
Roychowdhury et al. [44]
Rani et al. [39]
Yavuz et al. [52]

0.0945 s
–
2–2.6 s
76 s
3s
4.15 s
9.38 s

0.1074 s
1 min
2.2–3.1 s
95 s
6.2 s
4.56 s
10.25 s
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pixel as the unit. The outcome of this proposed experiment is able to segment the thick and
thin vessel efficiently. The initial step of automatic detection of Diabetic Retinopathy is
blood vessel extraction. This method has the compliance to serve as initial step with
minimum computational cost. The method is applied over to datasets DRIVE and STARE
including pathological cases for evaluation where the sensitivity is 43.92% and 43.17%,
specificity is 96.22% and 97.18%, accuracy is 92.95% and 94.88% respectively. The
running time for each color retinal fundus image for DRIVE and STARE dataset is about
0.0945 s and 0.1074 s in average. This method is the fastest with higher accuracy rate among
all existing techniques studied. But the manual observation vessel segmentation differs from
proposed segmentation reflects the lower sensitive value. A very good specificity is
achieved, and the lesser value of sensitivity is due to very thin vessel edges which are not
taken into account in proposed approach. The edge points are forming a continuous line in
few cases. It is observed in visual inspection which doesn’t convince the motive of this
paper. It is a future scope to be worked for betterment of the sensitivity and true positive rate.
It will allow this method as the standard convolution mask by Clifford Algebra framework
in future.
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