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Abstract Retinal fundus images are widely studied in
medicine for the detection of certain pathologies such as dia-
betes and glaucoma, the two major reasons for blindness. In
this paper, a self-adaptive matched filter for the detection of
blood vessels in the retinal fundus images is proposed. In
particular, a novel synergistic combination of the vesselness
filter with high sensitivity and the matched filter with high
specificity is obtained using orientation histogram. Exper-
iments on the publicly available DRIVE database clearly
show that the proposed strategy outperforms several existing
methods. Comparable performance with some of the state-
of-the-art methods has also been obtained on the STARE and
CHASE databases.

Keywords Self-adaptive matched filter · Vesselness filter ·
Orientation histogram · Retinal blood vessel detection

1 Introduction

Study of retinal fundus images has become quite popular
for the detection of certain pathologies such as diabetes and
glaucoma. This diagnosis is highly important for the early
detection and subsequent treatment to prevent the loss of
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vision, since glaucoma and diabetes are the two major rea-
sons for blindness [1,2]. In order to help the human experts in
their screening of numerous samples, computer-aided detec-
tion became important to expedite the screening process
[3–6]. In this paper, a self-adaptive matched filter, based on
the synergistic combination of the vesselness filter [7] and
the matched filter [8], is designed using the orientation his-
togram for solving the challenging problem of retinal blood
vessel detection. The purpose of this synergism is to com-
bine the high sensitivity of the vesselness filter with the high
specificity of the matched filter. Since the parameters of the
matched filter kernel are automatically estimated every time
for different inputs, we deem this design as self-adaptive.

The state-of-the-art methods of retinal blood vessel detec-
tion can be divided into two major categories, namely, meth-
ods which use learning (supervised) and the methods which
do not use any form of learning (unsupervised). An exhaus-
tive survey of the existing methods can be found in [9,10].
Methods which employ learning use the training data first.
Classification decisions on the test data are taken based on
the knowledge acquired during the training process [11]. In
sharp contrast, the methods without learning find some inher-
ent patterns of blood vessels in the retinal images that can be
used to directly determine whether a particular pixel in the
image belongs to a vessel [9]. Though the methods involv-
ing learning can provide higher accuracies, they require more
time for completion. An even bigger disadvantage of learning
based methods is the necessity of training data which may not
be available in all the cases. In this paper, a two-step unsu-
pervised method is proposed for the detection of the retinal
blood vessels from the fundus images. It has been observed
that the vesselness filter [7] yields high sensitivity and low
specificity. In contrast, the matched filter [8] provides high
specificity and low sensitivity. The proposed method uses
orientation histogram to combine the vesselness filter and
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56 T. Chakraborti et al.

Fig. 1 Flow chart for the
proposed method

the matched filter leading to a highly accurate (high sensitiv-
ity as well as high specificity) detection. Furthermore, unlike
some other unsupervised methods [12], the proposed algo-
rithm uses only a single pass and is hence relatively fast. The
vesselness filter [7] based on the eigenvalues of the Hessian
matrix is first applied on the input retinal image. Orientation
histogram of the output of the vesselness filter is computed
next. This orientation histogram is observed to consist of
five prominent Gaussians. The kernel of a matched filter [8]
is modeled as a linear combination of these five Gaussians
and an automated estimation of the relevant parameters of
the kernel is performed from the orientation histogram. The
matched filter with the above kernel is finally used to improve
the detection of the previously obtained vessels.

The rest of the paper is organized as follows: in Sect. 2,
some related work along with our contribution is presented.
In Sect. 3, the proposed method is described in details. In
Sect. 4, the experimental results are shown along with com-
parisons with several existing approaches. The paper is con-
cluded in Sect. 5 with an outline for the direction of future
research.

2 Related work

Due to many important medical applications of the blood
vessel segmentation problem in human retinal pathology,
extensive research is going on over the years and a wide
range of methods, with and without learning, have been

proposed. Since the proposed algorithm does not employ any
learning strategy, we only review some popular retinal blood
vessel detection methods under that category. Chaudhuri et
al. [8] proposed a matched filter based method with a sin-
gle Gaussian kernel centered at the zero angle of rotation
for the detection of retinal blood vessels. Chanwimaluang
and Fan [13] added entropy thresholding and length filter-
ing to the matched filter in [8] for further improvement of
blood vessel detection. Zhang et al. [14] proposed a novel
matched filter with first-order derivative of Gaussian for bet-
ter detection. Cinsdikici and Aydin [15] used a hybrid model
of matched filter and ant colony to achieve improved blood
vessel detection. Frangi et al. [7] designed a multi-scale ves-
selness filter function using the eigenvalues of the Hessian
matrix of each pixel of the image. The method in [8] yields
low sensitivity. The techniques in [13,14], and [15] have
improved the matched filter in [8] to some extent. However,
none of these methods [13–15] including that of [8] have
automated the design of the matched filter kernel based on
the individual inputs. The authors in [15] have incorporated
the ant colony optimization technique with the matched filter
approach. The ant colony optimization being a meta-heuristic
iterative process has a high time cost. In [7], Frangi et al. have
proposed a vesselness filter which is susceptible to noise and
results in low specificity.

In this paper, a non-linear synergistic combination of [7]
and [8] is achieved using orientation histogram. The com-
bination improves the specificity of [7] and the sensitivity
of [8] to produce a high overall accuracy. The orientation
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A self-adaptive matched filter for retinal blood vessel detection 57

Fig. 2 Orientation histograms: a of an image from DRIVE database, b of the vesselness filter output of (a), c of an image from STARE database,
d of the vesselness filter output of (c)

information of the blood vessels is a critical input for the auto-
mated self-adaptive design of the proposed modified matched
filter and is unique to a particular input image. The kernel of
the matched filter is modeled as a linear combination of five
prominent minimally overlapping Gaussian functions in the
orientation histogram. The parameters (mean, standard devi-
ation) of these Gaussian functions as well as the weights of
the linear combination (gains) are directly estimated from the
orientation histogram in an automated fashion. Since these
parameters have different values for different input images,
the matched filter is self-adaptive for each particular input.
Such non-linear synergistic combination of the vesselness
filter and the matched filter using vessel orientations is, thus,
far not reported for retinal blood vessel detection to the best
of our knowledge.

In addition to [8,13–15], the results of the proposed
method are also compared with several other well-known
approaches [16–22]. In [16], Jiang and Mojon used an adap-
tive thresholding-based vessel segmentation algorithm. Al-

Diri et al. [17] proposed a two-stage approach for vessel
segmentation. The first stage comprises of a morphologi-
cal filter and the second stage uses a neural cost function
to resolve junction configurations. In [20], the authors pro-
posed a multi-scale vessel segmentation algorithm using line
tracking. Kaba et al., in [21], have proposed a vessel extrac-
tion scheme utilizing probabilistic modeling and expectation
maximization. In [22], Bankhead et al. have used wavelets
and edge location refinement to develop a retinal vessel seg-
mentation methodology. Note that none of the methods in
[16,17,20–22] employ any form of learning. Staal et al. [18]
utilized supervised learning and proposed a ridge-based ves-
sel segmentation technique employing a kNN-based clas-
sifier. Marn et al. [19] also proposed a supervised learning
method for vessel segmentation utilizing moment invariants-
based features. Additional comparisons with [18] and [19]
further emphasize the strength of the proposed strategy.

Therefore, our principal contribution is the use of orienta-
tion histogram of the vesselness filter output in the first phase
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Fig. 3 Blood vessel detection using proposed method for 01_test.tif image of the DRIVE database. a Input image, b output of vesselness filter, c
orientation histogram of (b), d final output (accuracy = 0.9302), e ground truth

Table 1 Parameters estimated from orientation histogram for five datasets of DRIVE database

Image σ1 A1 σ2 A2 σ3 A3 σ4 A4 σ5 A5

01_test.tif 2.33, 0.4365 2.23, 0.2800 1.93, 1.00 2.13, 0.3200 2.36, 0.4327

02_test.tif 2.30, 0.4398 2.16, 0.2530 1.90, 1.00 2.10, 0.3220 2.30, 0.4403

03_test.tif 2.36, 0.4142 2.23, 0.1850 1.96, 1.00 2.16, 0.1940 2.33, 0.4145

07_test.tif 2.30, 0.4413 2.20, 0.1810 1.96, 1.00 2.10, 0.1910 2.33, 0.4435

09_test.tif 2.36, 0.4450 2.20, 0.1860 1.90, 1.00 2.13, 0.2020 2.36, 0.4439

to design the parameters of a self-adaptive matched filter in
the second phase. This self-adaptive matched filter yields
high sensitivity as well as high specificity thereby resulting in
high accuracy. Moreover, only a single pass is required for our
algorithm to complete which makes the entire process faster.
Another advantage of the proposed solution is that it is com-
pletely unsupervised and hence no training set is required.

Table 2 The performance measures

Measure Description

Specificity (Sp) TN/(TN + FP)

Sensitivity (Sn) TP/(TP + FN)

Accuracy (Acc) (TP + TN)/(TP + TN + FP + FN)
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A self-adaptive matched filter for retinal blood vessel detection 59

3 Proposed methodology

The proposed method consists of two steps as shown below
in Fig. 1. In the first step, the vesselness filter of Frangi et al.
[7] is applied on the input. In the second step, a self-adaptive
matched filter is designed from the orientation histogram of
the output of the vesselness filter. This is achieved by esti-
mating the parameters of the matched filter kernel by extract-
ing relevant information present in the orientation histogram.
This matched filter is applied on the output of the vesselness
filter.

3.1 Vesselness filter

Detecting structures in an image based on the eigenvalues of
the Hessian matrix is a well-established procedure. Frangi et
al. [7] designed a multi-scale vessel enhancement filter based
on the above principle. The vesselness filter is also used in
recent years by Liu et al. [23] to detect blob structures in an
image. Consider a 2D Gaussian filter which can be expressed
by the following equation:

G (x, y) = 1

σ
√

2π
e

−x2+y2

2σ2 (1)

Now for a certain scale σ (standard deviation), the Hessian
matrix Hσ (x, y) for a pixel at (x, y) is given by:

Hσ (x, y) =
(

Ixx Ixy

Iyx Iyy

)
(2)

Different elements of the Hessian matrix are expressed as:

Ixx = I (x, y) ∗ ∂2

∂x2 G (x, y) (3)

Ixy = Iyx = I (x, y) ∗ ∂2

∂x∂y
G (x, y) (4)

Iyy = I (x, y) ∗ ∂2

∂y2 G (x, y) (5)

For the Eqs. (3)–(5), I denotes the input image and ′∗′ denotes
convolution. The eigenvalues λ1 and λ2 (where |λ1| < |λ2|)
of the Hessian matrix are then calculated. For a particular
pixel, the vesselness value V is given by [7].

Fig. 4 Blood vessel detection using proposed method for 02_test.tif image of the DRIVE database. a Input image, b output of vesselness filter, c
orientation histogram of (b), d final output (accuracy = 0.9421), e ground truth
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60 T. Chakraborti et al.

Fig. 5 Blood vessel detection using proposed method for im0163.ppm image of the STARE database. a Input image, b output of vesselness filter,
c orientation histogram of (b), d final output (accuracy = 0.9491), e ground truth

Fig. 6 ROC curve for DRIVE database. a 01_test.tif (AUC = 94.53) and b 02_test.tif (AUC = 95.21)

V = 0, λ2 < 0

e
−r2

2 × (1 − e
−s2

2 ), Otherwise
(6)

From (6), it is clear that V ∈ [0, 1]. The parameters r and s
in (6) are given by:
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A self-adaptive matched filter for retinal blood vessel detection 61

Fig. 7 Outputs of different methods for 01_test.tif image of the DRIVE
database. a Input image, b ground truth image, c output of the pro-
posed method (accuracy = 0.9302), d output of Frangi et al. [7] (accu-

racy = 0.9231), e output of Chaudhuri et al. [8] (accuracy = 0.9170), f
output of Chanwimaluang and Fan [13] (accuracy = 0.9295)

r = |λ1|
|λ2| (7)

s =
√

(λ1)
2 + (λ2)

2 (8)

3.2 Orientation histogram

The output image of the vesselness filter tends to have a high
sensitivity and low specificity as shown experimentally in
Sect. 4. The proposed methodology overcomes this inherent
drawback by applying a matched filter, which is designed
from the orientation histogram of the vesselness filter out-
put. The matched filter kernel uses orientation angle of each
pixel by rotating the kernel through small angles and not-
ing the maximum match. The orientations of the vasculature
play an important role which has not been explored thus far.
An intensity histogram will not suffice in this case because
different input images with differing vasculature orientations
have more-or-less similar intensity profiles. Note that since
the vesselness parameter lies within [0, 1], the vesselness out-
put needs to be scaled (e.g., to [0, 255] considering a 8-bit
intensity resolution) to generate a ‘vesselness image’. From

now on, by vesselness filter output, a vesselness image in the
range [0, 255] is implied unless otherwise specified. The ori-
entation histogram of the vesselness grayscale output and not
its binary version is used next. This is because the orienta-
tion histogram retains the complete orientation information
of all pixels, which would have been otherwise lost due to
binarization. To construct the orientation histogram [24], the
orientation angle at each pixel is calculated. For each pixel at
(x, y) of the vesselness filter output image I1, we can write:

dy = I1 (x, y + 1) − I1 (x, y − 1) (9)

dx = I1 (x + 1, y) − I1 (x − 1, y) (10)

θ (x, y) = arctan

(
dy

dx

)
(11)

For a perfectly binary (say n-bit) image, each pixel has
an intensity value of either 0 or 2n−1. Thus, the difference
in intensity between two pixels can be one of {0,−2n−1 and
2n−1}. Hence, from Eq. (11), the orientation angle belongs
to the set {−90◦, −45◦, 0◦, 45◦, 90◦}. Since the orientation
histogram plots the number of pixels against the orientation
angles, for a perfectly binary image the orientation histogram
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Fig. 8 Outputs of different methods for 02_test.tif image of the DRIVE
database. a Input image, b ground truth image, c output of the pro-
posed method (accuracy = 0.9421), d output of Frangi et al. [7] (accu-

racy = 0.9204), e output of Chaudhuri et al. [8] (accuracy = 0.9105), f
output of Chanwimaluang and Fan [13] (accuracy = 0.9360)

must necessarily give impulses at the above five angles only.
If the output of the vesselness filter closely resembles that
of a binary image, then we can expect to find five minimally
overlapping Gaussians with means at the above set of angles
(see Fig. 2b, d). It is imperative that the closer an image is to
being binary, the lesser will be the width or the variance of the
Gaussians and hence the lesser will be the extent of overlap.
This is precisely why the original input retinal image (which
is far from being binary) does not generate minimally over-
lapping Gaussians in its orientation histogram (see Fig. 2a
from DRIVE and Fig. 2c from STARE). Since the vesselness
filter enhances the retinal vessels, the orientation histogram
of its output consists of minimally overlapping Gaussians.
Therefore, it becomes much more convenient to automati-
cally extract the parameters of the Gaussians from the orien-
tation histogram of the output of the vesselness filter.

3.3 Design of self-adaptive matched filter

The matched filter was originally proposed by Chaudhuri
et al. [8] for the retinal blood vessel detection. Several

modifications to [8] have been suggested over the years
for improved detection [13–15]. The matched filter con-
sists of a kernel, which is rotated in different directions
and is matched with the input image. The principle advan-
tage of the matched filter is its capability of removing noise
resulting in high specificity. The matched filter kernel is
designed as a zero mean Gaussian with unity gain [8]:

K (x, y) = e
−x2

2σ2 for |y| ≤ L

2
(12)

Here, L denotes the length for which the vessel has fixed ori-
entation. The authors have used the same value of L = 9
as used in other related works [8,13,14], and [15]. The
kernel in Eq. (12) is rotated with an angular resolution
of 15◦ over the range [−90◦,+90◦], i.e., in 12 spans
using the standard rotation matrix. In the available lit-
erature, only a single Gaussian function centered at 0◦
with a manually chosen sigma was used [8,13–15]. But
the orientation histogram of the vesselness output, devel-
oped in Sect. 3.2, suggests that the kernel is actually a
linear combination of five minimally overlapping Gaus-
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A self-adaptive matched filter for retinal blood vessel detection 63

Fig. 9 Outputs of different methods for im0163.ppm image of the
STARE database. a Input image, b ground truth image, c output of
the proposed method (accuracy = 0.9491), d output of Frangi et

al. [7] (accuracy = 0.9208), e output of Chaudhuri et al. [8] (accu-
racy = 0.9122), f output of Chanwimaluang and Fan [13] (accu-
racy = 0.9449)

sians. Thus, the modified matched filter kernel is expressed
as:

K (x, y) =
5∑

i=1

Ai e
− (x − μi )

2

2σi
2 for |y| ≤ L

2
(13)

In Eq. (13), Ai , μi and σi ( i = 1–5) are the gains, means
and standard deviations of the five Gaussian kernels. The
gains and standard deviations of each of these Gaussians can
be directly computed from the orientation histogram. The
means of the Gaussians are already determined as −90◦,
−45◦, 0◦, 45◦ and 90◦. The gains of the Gaussians are the
normalized peak values at the above five angles as the height
of the most significant Gaussian (centered at 0◦) is made
unity. To find the standard deviations, one standard property
of the Gaussian distributions is used which states that the area
under the Gaussian curve is 99.7 % at the ±3σ deviation from
the mean. Pixel count from the orientation histogram with a
low bin width (0.1◦ for the present application) gives a more
accurate approximation of standard deviation (sigma) of the

five Gaussians. If the bin width were chosen as 1◦ instead,
only integer values of sigma would have resulted. This is
an improvement inherent in the proposed method as related
works indicate use of only integer values for sigma [8,13–15].

4 Experimental results

In this work, extensive experimentations are performed on
all three publicly available retinal image databases, namely,
DRIVE, STARE and CHASE. Thorough qualitative as well
as quantitative comparisons are done.

The DRIVE (Digital Retinal Images for Vessel Extrac-
tion) database (http://www.isi.uu.nl/Research/Databases/
DRIVE/) consists of 40 color fundus photographs divided
into 20 training and 20 test images [18,25]. Altogether 400
diabetic subjects between 25 and 90 years of age are studied
from which 40 photographs have been randomly selected
and categorized as test and training set. For each image,
a mask image is provided that delineates the FOV. Fur-
thermore, ground truths for all the 40 images are avail-
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Fig. 10 Magnified orientation histogram of the output of vesselness
filter for a 01_test.tif of DRIVE database, b 02_test.tif of DRIVE data-
base, c im0163.ppm of STARE database

able. In this work, experiments are performed on all the 40
images (as the proposed algorithm does not require a sepa-
rate training phase). The STructured Analysis of the REtina
(STARE) database (http://www.parl.clemson.edu/~ahoover/
stare/index.html) contains 400 images, among which the
ground truths of only 20 retinal images (chosen randomly)
are publicly available [26,27]. Ten out of these 20 images
contain considerable pathologies making the vessel detec-

tion very challenging. Two sets of ground truth images are
available for these images. Additional experimentations are
also done on the recently published Child Heart and Health
Studies in England (CHASE) database [28]. In this data-
base, retinal fundus images of both eyes of each of 14
subjects are provided. Thus there are 28 input images in
total, and for each input image, two ground truth images
are included.

The authors first demonstrate the importance of using five
Gaussians in the kernel of the matched filter. The estimated
parameters from the orientation histogram for five datasets
of DRIVE database are presented in Table 1.

This table clearly shows that the sigma values for the
five Gaussians are quite different. For example, for the first
dataset, the minimum value of sigma is 1.93 and the max-
imum value of sigma is 2.36 indicating more than 22 %
variation. Similarly, for the second dataset, minimum value
of sigma is 1.90 and the maximum value of sigma is 2.30
indicating around 21 % variation. Furthermore, the non-zero
gains of all the Gaussians clearly suggest that working with
a single Gaussian certainly leads to certain loss of informa-
tion. For example, for the last dataset in Table 1, the other
four Gaussians at −90◦, −45◦, 45◦, 90◦ contain 44.5, 18.60,
20.20 and 44.39 % of the total number of pixels within the
main Gaussian.

For the evaluation of the proposed algorithm, accuracy
(Acc), specificity (Sp) and sensitivity (Sn) are used as perfor-
mance measures (see Table 2). These measures are functions
of true positive (TP), true negative (TN), false positive (FP),
and false negative (FN) [9,29].

The above three performance indicators are measured for
the proposed method for 40 datasets of DRIVE, 20 datasets of
STARE, and 28 datasets of CHASE database and the average
value is used for comparison with other methods. The average
execution time of our algorithm (implemented in MATLAB
[30]) is approximately 8 s in a PC having Intel i3-2350M
processor with speed 2.3 GHz.

The authors now present the results of blood vessel detec-
tion at different stages of the proposed method for two differ-
ent images of DRIVE database (Figs. 3, 4) and one image of
STARE database (Fig. 5). For better illustration, the orienta-
tion histograms obtained in Figs. 3c, 4c and 5c are presented
in a more magnified form in Fig. 6a–c, respectively. All the
figures clearly indicate that the outputs of the vesselness fil-
ters (Figs. 3b, 4b, 5b) are highly improved after finally apply-
ing the matched filter (Figs. 3c, 4c, 5c). The noise present in
the outputs of the vesselness filter is also minimized by the
matched filter.

The input image, the ground truth and the final output
images (obtained by the proposed method and three com-
peting methods are shown next in Figs. 7 and 8 (DRIVE
database) and in Fig. 9 (STARE database). The binary out-
put of [7] is obtained by first removing the outer rim from
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Table 3 Performance
comparison on DRIVE database Method Specificity

(SP)
Sensitivity
(SN)

Accuracy
(Acc)

Frangi et al. [7] 0.6537 0.9134 0.9095

Chaudhuri et al. [8] 0.9901 0.2663 0.8773

Chanwimaluang and Fan [13] 0.9585 0.6604 0.9321

Zhang et al. [14] 0.9724 0.7120 0.9382

Jiang-Mojon [16] 0.9662 0.6363 0.9212

Cinsdikici and Aydin [15] – – 0.9293

Al-Diri et al. [17] 0.9551 0.7282 0.9258

Staal et al. [18] 0.9796 0.7345 0.9441

Marn et al. [19] 0.9801 0.7067 0.9452

Martinez-Perez et al. [32] 0.9655 0.7246 0.9344

Vlachos- Dermatas [20] 0.929 0.747 0.955

Frangi et al. [7] + Chaudhuri et al. [8] 0.9505 0.6565 0.9270

Kaba et al. [21] 0.9672 0.7619 0.9410

Bankhead et al. [22] 0.9717 0.7027 0.9371

Our method 0.9579 0.7205 0.9370

the vesselness filter output and then applying MATLAB’s
in-built thresholding function on it. All the figures clearly
show that the segmentation results of the proposed method
(Figs. 7c, 8c, 9c) far outweigh the results of the vesselness fil-
ter (Figs. 7d, 8d, 9d) and the matched filter (Figs. 7e, 8e, 9e).
The pair of images in Figs. 7c–f and 8c–f also suggests that
the results of the proposed scheme are definitely better than
that of [13]. The accuracy values in the Figs. 7, 8 and 9 also
conform to the visual observations.

In Table 3, the results of the proposed method is com-
pared with several existing approaches on DRIVE [7–9,13–
22,29,31,32]. In Table 4, comparisons of results on STARE
are provided [7,9,14,16–19,21,29,31,32]. Since this paper
does not use learning, comparison is made mostly with unsu-
pervised techniques. In addition, to check how the proposed
method performs in comparison with methods which do use
learning, the results of Staal et al. [18] and Marn et al. [19] are
incorporated in Table 3. Lastly, to highlight the strength of the
synergistic non-linear combination of [7] and [8] using ori-
entation histogram, results from a straightforward cascade of
[7] and [8] (without the use of orientation histogram) are also
included. Some of the performance measure values in Table 3
and Table 4 are taken from [1,29,31]. Table 3 shows that the
proposed algorithm outperforms several recent challenging
methods except [18,19,21,22]. Among these, the methods
developed in [18] and [19] are supervised whereas the pro-
posed methodology in this paper is unsupervised. The results
achieved in [22] is quite comparable (almost equal accuracy,
lower sensitivity and higher specificity) to those of the pro-
posed scheme. The algorithm in [21] outperforms the pro-
posed method in terms of accuracy, specificity, and sensitiv-

ity. However, this method uses an expectation maximization
strategy where number of components needs to be specified
apriori and also the process is sensitive to initialization [33].
The results in Tables 3, 4 and 5 further indicate that specificity
of the proposed method is better than that of [7] and the sen-
sitivity of the proposed method is higher than that of [8] on
all three databases. The non-linear hybrid manner in which
[7] and [8] are combined using the orientation histogram also
proves to be decisive as this method yields higher sensitivity,
specificity and accuracy compared to a direct cascading of
[7] and [8]. In order to demonstrate that the improvement in
accuracy obtained from our method is statistically significant
as compared to several competing approaches, we further run
paired t tests [34].

Note that the t test can be applied, only if the results of
individual images are available for the concerned methods.
Paired t test between our method and [13] (code available via
(http://www.vcipl.okstate.edu/localentropy.htm) shows that
the null hypothesis may be rejected with value of p = 1.55×
10−2. Since our method uses both the vesselness filter [7]
and the matched filter [8] as two integral components, we
decide to run a paired t test on our method and each of them.
Paired t test between our approach and [8] shows that the
null hypothesis may be rejected with p = 7.53 × 10−7.
Similarly, the paired t test between the proposed method and
[7] suggests that the null hypothesis may be rejected with
p = 2.66×10−9. The above two results clearly demonstrate
that the performance of the proposed method is statistically
better than that of its two integral components, [7,8]. Since
the proposed method introduces an orientation histogram-
based combination of the methods in [7] and [8], we also
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Table 4 Performance
comparison on STARE Database Method Specificity (SP) Sensitivity (SN) Accuracy(Acc)

Frangi et al. [7] 0.6625 0.8990 0.8853

Chaudhuri et al. [8] 0.9873 0.2846 0.9142

Zhang et al. [14] 0.9753 0.7177 0.9484

Jiang-Mojon [16] – – 0.9337

Al-Diri et al. [17] 0.9681 0.7521 –

Staal et al. [18] – – 0.9516

Marn et al. [19] 0.9819 0.6944 0.9526

Martinez-Perez et al. [32] 0.9569 0.7506 0.9410

Frangi et al. [7] + Chaudhuri et al. [8] 0.9516 0.6248 0.9262

Kaba et al. 0.9683 0.7466 0.9456

Our method 0.9586 0.6786 0.9379

Table 5 Performance
comparison on CHASE
Database

Method Specificity (SP) Sensitivity (SN) Accuracy (Acc)

Frangi et al. [7] 0.6634 0.8971 0.9201

Chaudhuri et al. [8] 0.9266 0.2822 0.8487

Chanwimaluang and Fan [13] 0.9438 0.5084 0.9133

Frangi et al. [7] + Chaudhuri et al. [8] 0.9405 0.5006 0.9042

Our method (1st observer) 0.9594 0.5286 0.9298

Our method (2nd observer) 0.9583 0.5372 0.9304

Table 6 AUC for different methods over DRIVE database

Method AUC

Chaudhuri et al. [8] 0.7878

Jiang-Mojon [16] 0.9114

Staal et al. [18] 0.9520

Marn et al. [19] 0.9588

Proposed method 0.9419

undertake a paired t test between our method and a simple
cascade of [7] and [8]. Paired t test in this case indicates that
the null hypothesis may be rejected with p = 2.98 × 10−9.
Therefore, we can conclude that the proposed matched filter,
whose kernel is based on the orientation histogram of the
vesselness filter, yields statistically significant improvements
over that of a simple cascade of the vesselness filter and
the matched filter. Thus, though the absolute increments in
accuracy values of the proposed method over comparable
recent methods are modest, many improvements are shown
to be statistically significant.

Finally to further demonstrate the robustness of the pro-
posed method, the receiver operating curve (ROC) [12] on
the DRIVE database is presented. By varying the intensity
threshold value between 0 and 1 in steps of 0.001 for convert-
ing the grayscale output into binary, the corresponding true

ratio is plotted against the false ratio over the range of 0–1.
The resulting ROC curve is shown in Fig. 10. Here, true ratio
is defined as the ratio of the true positives to the total number
of vessel pixels in ground truth, and false ratio is defined as
the ratio of the false positives to the total number of non-
vessel pixels in the ground truth. The average area under the
curve (AUC), thus, obtained for all the images of the DRIVE
database is found to be 94.19 % of the maximum possible
area. Table 6 shows that the AUC of the proposed method
is highly comparable/better than several popular methods,
except [18] and [19] which employ learning.

5 Conclusion

In this paper, a novel self-adaptive matched filter using a
non-linear synergistic combination of the vesselness filter
and the matched filter for the detection of retinal blood ves-
sels is presented. Orientation histogram of the vesselness fil-
ter’s output is judiciously used in an automated fashion to
achieve the above synergism. This orientation histogram is
found to consist of five prominent minimally overlapping
Gaussian curves. The kernel of the matched filter is mod-
eled as a linear combination of the above Gaussians, and the
corresponding parameters are automatically extracted from
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the orientation histogram. The matched filter with this appro-
priately designed kernel, when applied on the output of the
vesselness filter, detects the retinal blood vessels with very
high accuracy. Comprehensive experimentations show that
our method outperforms several state-of-the-art retinal blood
vessels detection methods and is comparable with others.
One direction of future research will be to improve the sensi-
tivity of the proposed method, especially for more complex
database such as CHASE. We also plan to apply the pro-
posed synergistic combination for detection of other similar
structures like coronary blood vessel [35].
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