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Detection of Retinal Blood Vessels Based on Morphological Analysis
with Multiscale Structure Elements and SVM Classification

Pil Un KIM†, Yunjung LEE†, Sanghyo WOO††, Chulho WON†††, Jin Ho CHO††, Nonmembers,
and Myoung Nam KIM††††a), Member

SUMMARY Since retina blood vessels (RBV) are a major factor in
ophthalmological diagnosis, it is essential to detect RBV from a fundus
image. In this letter, we proposed the detection method of RBV using a
morphological analysis and support vector machine classification. The pro-
posed RBV detection method consists of three strategies: pre-processing,
features extraction and classification. In pre-processing, noises were re-
duced and RBV were enhanced by anisotropic diffusion filtering and illu-
mination equalization. Features were extracted by using the image intensity
and morphology of RBV. And a support vector machine (SVM) classifi-
cation algorithm was used to detect RBV. The proposed RBV detection
method was simulated and validated by using the DRIVE database. The
averages of accuracy and TPR are 0.94 and 0.78, respectively. Moreover,
by comparison, we confirmed that the proposed RBV detection method de-
tected RBV better than the recent RBV detections methods.
key words: retina vessel, vessel detection, fundus image, support vector
machine, morphological feature

1. Introduction

The morphology of retina blood vessels (RBV) are one of
the important indicators of ophthalmological diseases, dia-
betes, hypertension, and retinopathy of prematurity. There-
fore, RBV detection is an essential procedure for quantita-
tive evaluation of clinical features, effective monitoring of
diseases and computer aided diagnosis (CAD) of the oph-
thalmology [1]. There are three basic approaches in RBV
detection; image threshold method, vessel tracking method,
and classification method [1]–[5].

Because the intensity difference between RBV and
the background is very high in a fundus image, the im-
age threshold method based on various operators has been
adopted for detecting RBV over the past few years [1], [2].
The vessel tracking method estimates a vessel location, and
then finds the optimum path suitable for a vessel profile
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Fig. 1 Block diagram of the proposed RBV detection method.

model and criteria [3]. The classification method groups
pixels or features in a fundus image into the vessel region
and non-vessel region [4], [5]. Generally, it consists of 2
main stages; feature definition and classification. To define
features, there are several methods such as wavelet, curvelet,
2D gabor filter, and multiscale Gaussian filter.

In this letter, we proposed a new RBV detection
method by using mathematical morphology with multiscale
structure elements and SVM classification. Figure 1 shows
a block diagram of the proposed RBV detection method.

It consists of three strategies: pre-processing, features
definition, and classification. In pre-processing, RBV are
enhanced and noise is reduced by illumination equalization
and anisotropic diffusion filtering. We extracted 5 intensity-
based features and 12 morphological features. Finally, we
employed a SVM classification algorithm.

2. The Proposed RBV Detection Method

2.1 Preprocessing

In general, a fundus image is obtained by a retina scope and
image capturing equipment [2]. Mostly, the intensity of a
fundus image is not uniform, because of vignetting of the
lens and an unevenness of light reflecting from the fundus.
Thus, we employed illumination equalization [2]. It adjusts
each pixel using the following equation,

Ieq(x, y) = I(x, y) + m − ĪW (x, y) (1)

where m is the desired average intensity, and ĪW(x, y) is the
mean intensity value of the pixels within a window W.

We used anisotropic diffusion filtering of Perona-Malik
model to reduce noise and enhance RBV. Equation (2) is the
Perona-Malik model.

∂t I = div(g(|∇I|2) · ∇I) (2)
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g(s2) = 1/(1 + s2/r2) (3)

where r is a contrast parameter separating forward (low con-
trast) from backward (high contrast) diffusion areas. This
anisotropic diffusion filtering is a non-uniform process that
reduces the diffusivity g(s2) at those locations having a
larger likelihood to be edges [6]. After the illumination
equalization, intensity averages of all the components ap-
proximate to m in Eq. (1). Then, the intensity of RBV is
rearranged by m, and the intensity range of RBV is reduced.

2.2 Feature Extraction

First, we extracted 3 intensity-based features by the RGB
components. Because the intensity difference between RBV
and non-RBV is lower in red and blue components than in
green components, the intensity averages of RBV and non-
RBV are similar in red and blue. However, in case of the
green component, the difference of each average is relatively
higher than the others. Based on these characteristics of
RBV color components, 3 features (F1 ∼ F3) are defined
by the following equations;

F1(x, y) = ÎG(x, y) + mG (4)

F2(x, y) = (ÎR(x, y) − ÎG(x, y))/(mG/mR) (5)

F3(x, y) = (ÎB(x, y) − ÎG(x, y))/(mG/mB) (6)

where ÎR, ÎG, and ÎB are the pre-processed images of RGB
component, and mR, mG and mB are intensity averages of
each pre-processed image of RGB components.

Next, we extracted 8 morphological features by the
morphology of RBV with multiscale structure elements. As-
suming that a retina in the fundus image is a flat surface,
RBV are valleys having various widths. When multiscale
hemispheres are rolling on surface, the flat surface is still
flat while valleys become gradually flatter because they are
filled by hemispheres. Therefore, those morphological char-
acteristics can be used with respect to RBV. To obtain mor-
phological features, 2 multiscale structure elements are de-
fined as

seh
s(c) =

{ −√
s2 + |c|2, |c| ≤ s

0, |c| > s
(0 ≤ c ≤ s) (7)

sed
s (c) =

{
1, |c| ≤ s
0, |c| > s

(0 ≤ c ≤ s) (8)

where, c is (x, y), and s is a constant to control the scale of
the multiscale structure elements. seh

s is a hemisphere where
the radius is s. sed

s is a circle where the radius is s, and it is
used to interpolate the morphology features.

We used partial derivative of the closing operation with
seh

s to extract the morphological features of RBV. The clos-
ing operation φseh

s is obtained by Eq. (11)

[δseh
s ( f )](c) = maxb∈seh

s
f (c + b) (9)

[εseh
s ( f )](c) = minb∈seh

s
f (c + b) (10)

Fig. 2 (a) a sample of RBV, (b) the φseh
s of a dash line (white), s = [1, 5];

solid: original image, dot: φseh
s .

φseh
s (x, y) = εseh

s |δseh
s ( f (x, y))|, 0 ≤ s ≤ S (11)

And then, partial derivative of φseh
s for s, Φseh

, can be ob-
tained by

Φseh
(x, y, s) = dφseh

s (x, y)/ds (12)

Figure 2 (a) is a sample of RBV image. Figure 2 (b) shows
the φseh

s of a dash line (white) in Fig. 2 (a).
As shown in Fig. 2 (b), concavities were efficiently

filled, but convexes were not changed. Thus, we used a sum-
mation of Φseh

to extract the morphological feature vsl. It
defined by following equation;

vsl(x, y) =
S∑

s=1

Φseh
(x, y, s) (13)

And then, we extracted F4 by

F4(x, y) =

{
vsl(x, y), vsl(x, y) > 0

0, vsl(x, y) ≤ 0
(14)

Additionally, to extract 3 features (F5 ∼ F7), we used max-
imum, mean, and standard deviation of Φseh

in the scale
range. According to [1], RBV are affected by light scat-
tering from red blood cells of fundus, when a fundus image
is acquired using equipment. Thus, the thick RBV is gen-
erally darker than the thin one. For this reason, Φseh

was
normalized by

Φ̂seh
(x, y, s) = Φseh

(x, y, s)/s (15)

The features (F5 ∼ F7) were extracted by using maximum,
mean and standard deviation of Φ̂seh

where 0 ≤ s ≤ S .
As previously stated, the intensity of RBV is affected

by the red blood cells. However, as shown in Fig. 2 (a), the
center line of RBV is less affected than the boundary of
RBV. Therefore, we eroded Φseh

(x, y, s) with sed
s−1 to use

variations of the center of RBV. F8 was extracted by

vslcen(x, y) =
S∑

s=1

εsed
s−1 (Φseh

(x, y, s)) (16)

F8(x, y) =

{
vslcen(x, y), vslcen(x, y) > 0

0, vslcen(x, y) ≤ 0
(17)

And, the 3 features (F9 ∼ F11) were extracted by same
method of the features (F5 ∼ F7) based on Eq. (18).

Φ̂seh

cen(x, y, s) = εsed
s−1 (Φseh

(x, y, s)/s) (18)
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Lastly, we extracted 6 features (F12 ∼ F17) by using the
eigenvalues of the Hessian matrix. These features consist
of 4 morphological features based on vsl and vslcen, and 2
intensity-based features based on ÎG. The Hessian matrix H
of f (x, y) is defined by

H =

(
∂xx f ∂xy f
∂yx f ∂yy f

)
. (19)

Because ∂xy f = ∂yx f , H is symmetrical with real eigen-
values (λ1, λ2) and orthogonal eigenvector. The eigenval-
ues measure convexity and concavity in the corresponding
eigendirections [6]. Therefore, the Hessian matrix is widely
used to search vessels in angiography [2], [6]. We extracted
features (F12, F13) by

F12(x, y) = max[λvsl
1 (x, y), λvsl

2 (x, y)] (20)

F13(x, y) = min[λvsl
1 (x, y), λvsl

2 (x, y)] (21)

where λvsl
1 (x, y) and λvsl

2 (x, y) are the eigenvalues of the Hes-
sian matrix of vsl And we extracted features (F14 ∼ F17)
from vslcen and ÎG by using the same methods such as in
Eqs. (20) and (21).

2.3 Classification Based on SVM

Support vector machine (SVM) is widely used in pattern
recognition [4], [7]. SVM is based on the statistical learning
theory and the Vapnik-Chervonenkis (VC) dimension intro-
duced by Vladimir Vapnik and Alexey Chervonenkis [7]. It
finds the best separated vectors of the hyper-plane in hyper
plane of n features while maximizing the distance from two
classes.

3. Experimental Result

The proposed RBV detection method is simulated by the
public retina database, DRIVE. This database has a set of
40 images which are divided into a training set and a test set.
The training set contains the RGB fundus image, a single
manual segmentation of RBV and the field of view (FOV).
In the test set, there are especially two manual segmenta-
tions; one is used as the gold standard, the other one can
be used to compare computer generated segmentations with
those of an independent human observer. Except for fundus
images which are 24 bit RGB image, manual segmentations
and FOVs of the RBV are binary.

Figure 3 (a) shows the green component of a fundus
image and Fig. 3 (b) shows the pre-processed image where
W size is 40 × 40, m in Eq. (1) is 128, t in Eq. (2) is 10, and
r in Eq. (3) is 1. RBV are dark tubes.

There are two kinds of noises, vignetting noise and
fluctuation noise. To discuss the noise reduction, we ana-
lyzed two regions in Fig. 3 (a) and (b). Figure 3 (c) shows
the intensity graphs of two regions. Gray and black graphs
are made from Fig. 3 (a) and (b), respectively. Shade areas
in graphs indicate RBV. These areas were based on the gold
standard in DRIVE.

Fig. 3 (a) The green component of a fundus image, (b) the pre-processed
image, and (c) image intensity graphs of a© and b©.

Table 1 Means of graphs for a© and b©.

Table 2 Standard deviation of graphs for a© and b©.

(a) (b)

Fig. 4 Results of Eq. (13) and (16); (a) vsl (b) vslcen.

Table 1 shows means of two regions. As shown in Ta-
ble 1, the absolute difference between means of RBV a© and
b© is 4 in Fig. 3 (a). After pre-processing (Fig. 3 (b)), it fell to
1. In case of the background, it fell from 10 to 1. Therefore,
the intensity ranges of RBV and background were reduced,
which means that vignetting noise was reduced by illumina-
tion equalization.

Table 2 shows standard deviations of two regions. As
shown in Table 2, the standard deviations of each graph were
all reduced after pre-processing. As shown in Fig. 3 (c), ar-
eas of the RBV and background were smoothed. There-
fore, fluctuation noise was reduced by anisotropic diffusion
filtering. However, boundaries between RBV and back-
ground are well preserved. Therefore, it was confirmed that
noises were reduced and areas of RBV and background were
smoothed while boundaries between RBV and background
were well preserved.

Figure 4 (a) and (b) show vsl and vslcen where S =
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(a) (b)

Fig. 5 RBV detection results; (a) the proposed RBV detection method,
(b) a manual result.

Table 3 Comparison with other RBV detection methods.

[0, 5]. Results of vsl are thicker than ones of vslcen. As
shown in Fig. 4 (a) and (b), it is confirmed that values of the
thick RBV are higher than the thin RBV.

To build a SVM classification, we gathered the train-
ing samples from 20 fundus images in the training set of
DRIVE. In an image, 1,000 RBV samples and 1,000 non-
RBV samples were randomly selected. So, total 40,000
training samples were used to train SVM.

Figure 5 (a) and Fig. 5 (b) show a manual result and a
final result of the proposed RBV detection.

As shown in Fig. 5, the proposed RBV detection
method detected mostly thick RBV.

Finally, we compared the proposed RBV method with
4 RBV detection methods. Perez, et al used the multiscale
analysis with the first and second spatial derivative of a
Gaussian kernel [1]. Xu, et al used RBV by SVM classifica-
tion and features which were extracted by a wavelet trans-
form and a curvelet transform [4]. Mendonca, et al used a
top-hat operator and region growing [3]. Staal, et al used
the line detector and k-NN classifier and sequential forward
feature selection [5].

In comparison, we used true positive rate (TPR) and
accuracy between the manual results and each detection re-
sults. If the detection result was completely the same as the
first manual result, TPR and accuracy should be one. Table 3
shows the comparison results with a test set of DRIVE. A
test set had 20 fundus images. Especially, since second man-

ual results are included in a test set, we added them in the
comparison. As shown in Table 3, there are the averages of
TPR and the accuracy of each RBV detection method. The
results of the proposed RBV detection method were 0.78
and 0.94, respectively.

Therefore, we confirmed that the proposed RBV detec-
tion method detected RBV better than other detection meth-
ods.

4. Conclusion

RBV detection is an essential procedure in analyzing a
retina for diagnosis. Thus, we proposed the novel RBV de-
tection method by using morphological analysis and SVM
classification. In the experiment, the proposed RBV method
effectively detected RBV in the fundus image. By quantita-
tive comparison, we confirmed that the proposed RBV de-
tection method efficiently detected RBV and is better than
recent methods. Therefore it is expected that the proposed
RBV detection method could be widely applied in anatom-
ical analysis; such as optic disc detection, retina mapping,
and angiography.
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