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Abstract—This paper describes an approach to detect vessel
bifurcations and crossovers in retinal images. This approach is
based on an novel method to estimate multiple orientations at
each pixel of a gray image. The main orientations are provided
by directional openings whose outputs are regularized in order
to extend the orientation information to the whole image. The
detection of vessel bifurcations is based on the coexistence of two
or more than two different main orientations in the same pixel.
Results on retinal images show the robustness and accuracy of
the proposed method to detect vessel bifurcations.
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I. INTRODUCTION

The analysis of retinal vascular structures has a great use
in medical analysis. Specifically, the identification and study
of bifurcations and crossovers has great significance in car-
diovascular diseases as well as in their early detection [1].
There are two approaches to detect automatically vessel bi-
furcations: methods based on geometrical features and meth-
ods based on models [2]. The method proposed in this paper
belongs to the first group, it depends on the segmentation of
the retinal image.

The segmentation of the vessel tree can be performed by
matched filters [3], by region growing and scale-space analy-
sis [4], by mathematical morphology [5], etc. Regarding the
detection of vessel bifurcations and crossovers on segmented
retinal images it can be done, e.g., by using a set of train-
able keypoint detectors and a bank of Gabor filters [6], or
with matched filters [7]. This paper addresses the detection of
vessel bifurcations by analyzing a vectorial orientation field
provided by the regularization of directional morphological
openings.

The morphological orientation field [8] is given by a di-
rectional signature for each pixel using a series of directional
openings with a line segment. Then, the orientation of a pixel
is defined as the one associated to the directional opening
which produces the maximal value of signature at the pixel.
Nevertheless, the original approach from [8] does not deal
with the multiple orientation case: locally, pixels in natu-
ral images can be associated to more than one orientation,

Fig. 1 Orientation vector field obtained by ASGVF [12] using η=1.
The size of the image is 128× 64 pixels.

e.g., crossing lines, corners and junctions (also known as X-,
L- and Y-junctions, respectively). To determine not only the
main direction but all the significant orientations, the direc-
tional signature is analyzed in the present work using multiple
peak detection on the curve interpolated by b-splines.

This paper is organized as follows: Section II-A addresses
the method to estimate multiple orientations at each pixel and
II-B describes the approach followed to detect the bifurca-
tions and crossovers in retinal images. In Section III we apply
the method in a retinal image, and finally, Section IV closes
the paper with the conclusions and future work.

II. PROPOSED METHOD

In previous works of the authors, the orientation field was
based on the average squared gradient (ASG) (see e.g. [10]).
This orientation field is valid in images where only one main
orientation exists at each pixel. When a pixel is close to edges
with different orientations, the ASG provides an orientation
which is a linear combination of these near orientations (as
can be seen in Fig.1). The method proposed here to estimate
multiple orientations is depicted in Fig. 2. This approach dif-
fers from [11], where the multiple main orientations are es-
timated by analyzing a block of the image, whereas in this
paper the multiple orientations are estimated at each pixel.

A. Multiple Orientation Estimation

Let f (x) : E →R be a gray-level image, where the support
space is E ⊂ Z

2 and the pixel coordinates are x = (x,y). Let
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us define g(x) as the absolute value of the gradient of f (x),
i.e., g(x) = ‖∇ f (x)‖.

The directional opening of g(x) by a linear (symmetric)
structuring element (SE) of length l and direction θ is de-
fined as the directional erosion of g by Lθ ,l followed by the
directional dilation with the same SE [10]:

γLθ ,l (g)(x) = δLθ ,l [εLθ ,l (g)] (x). (1)

We remind that the subgraph of the opened image by Lθ ,l

is equivalent to the union of the translations of the linear SE
when it fits the subgraph of the original image [13], or in other
terms, bright linear image structures that cannot contain Lθ ,l

are removed by the opening.
The proposed orientation model is based on a decompo-

sition of the gradient information by families of linear open-
ings. Let {γLθi ,l}i∈I be a family of linear openings of length
l according to a particular discretization of the orientation
space {θi}i∈I . In mathematical morphology theory, this pa-
rameterized family of openings is called a granulometry [13].
The granulometry is applied to the gradient image g(x), i.e.,
for each orientation an opened image of the intensity gradi-
ent information is obtained. In addition, the accumulation by
supremum of the openings (which has also the properties of
an opening [13], i.e., idempotency and anti-extensivity) pro-
duces also an approximation of g(x) at linear scale l, denoted
aΘ

l (g)(x):
aΘ

l (g)(x) =
∨

i∈I

γLθi ,l (g)(x). (2)

The accumulation image aΘ
l (g)(x) extracts the linear struc-

tures of g(x) whose length is longer than l. Hence, the residue
between g(x) and aΘ

l (g)(x),

rΘ
l (g)(x) = g(x)− aΘ

l (g)(x), (3)

yields the image structures of length shorter than l, and
rΘ

l (g)(x) might be used in a multiscale approach as the source
image in the following stage with a smaller l (see Fig. 3).

When dealing with discrete images, it is important to re-
member the effects of discretization. As described in [12],
the angular resolution of a structuring element of length l is
Δθ = 90

l−1 degrees, therefore the angles that can be used are
θi = iΔθ , i ∈ I = [0,2(l−1)−1]. A long structuring element
allows for a larger angular resolution (i.e., more directions)
but the structures to be detected have to be bigger. On the
other hand, a smaller structuring element offers fewer direc-
tions but it allows get into small details in the image.

In the next step of the proposed method a regularization is
performed at each one of the directional openings (depicted
as Hη in Fig. 2). The regularization diffuses the orientation
information and avoid angle mismatches due to noise. Each
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Fig. 2 Flowchart of the multiple orientation estimation method.

one of the regularized openings, g̃θi , minimizes the following
energy functional

E (g̃θi) = D(g̃θi)+αS (g̃θi), (4)

where D represents a distance measure given by the square
difference between the original and the regularized direc-
tional opening, weighted by the squared value of the first one,

D(g̃θi) =
1
2

∫

E
||gθi ||2||g̃θi − gθi ||2 dxdy, (5)

where E is the image support. The energy term S is the reg-
ularization term, it determines the smoothness of the regular-
ized openings and represents the energy of the second order
derivatives of the signal:

S (v) =
1
2

∫

E
||Δg̃θi ||2 dxdy, (6)

where Δ = ∂ 2/∂x2 + ∂ 2/∂y2 is the Laplacian operator. The
positive parameter α governs the trade off between the fit to
gθi and the smoothness of the solution g̃θi (see e.g. [14]). Ac-
cording to the calculus of variations, the regularized open-
ing g̃θi minimizing Eq. (4) is necessarily a solution of the
Euler–Lagrange equation:

(g̃θi − gθi)|gθi |2 +αΔ2g̃θi = 0. (7)

These equations can be solved by adding an artificial time and
computing the steady-state solution. The solution is obtained
by the following iterative implementation in the frequency
domain

G̃n
θi
= Hη (G̃

n−1
θi

+Fn−1) (8)

where G̃n
θi

and G̃n−1
θi

are the 2D discrete Fourier transforms
(DFT’s) of their respective signals in the spatial domain, su-
perscript n denotes the iteration index, Fn−1 is the 2D DFT of
f n−1 = (gθi − g̃θi)|gθi |2, Hη is the sampling of the low-pass
filter

Hη(ω1,ω2) =
η

η + 4(2− cosω1 − cosω2)2 . (9)
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Once the directional openings have been regularized, the
directional signature at pixel x is defined as

sx;l(i) = g̃θi(x). (10)

sx;l(i) is interpolated using cubic b-splines and its detected
maxima correspond to the multiple orientations existing at
pixel x. Collecting all the orientations estimated at all the pix-
els in the image provides the multidimensional vector field
�θ (x) (see Fig. 6).

B. Detection of Bifurcations and Crossovers

Previous method can be applied on a gray image or on a
binary image. However, most of the methods which detect
bifurcations use a segmented, and therefore binary, image. In
this paper we use a segmented image which contains the ves-
sel tree to estimate the multiple orientation field, this orienta-
tion vector field is used then to detect the existing bifurcations
and crossovers.

The detection procedure takes into account only the two
main orientations at each pixel. The method considers that
a bifurcation or crossover exists if two conditions happens.
The first conditions is that the magnitude of the regularized
opening has to be greater than a threshold, |g̃θi | > th. The
second condition to be fulfilled is that two main orientations
must differ more than 2Δθ to avoid false positives due to high
curvature of the vessels.

III. RESULTS

We have used a segmented retinal image from the DRIVE
database [9] to evaluate the performance of the proposed
method. Given that the size of this image is 565×584 pix-
els, the directional openings use an oriented linear structuring
element of 7 pixels. This length comes from the tradeoff be-
tween the curvature of the vessels and the angular resolution
of the structuring element (this length provides Δθ = 15◦ and
produces a filter bank with 12 branches). The regularization
of the directional openings is performed using η=1 and 10 it-
erations of the procedure given in eq. (8). Finally, the thresh-
old th used to consider that a pixel belongs to a bifurcation or
crossover is the 25% of the maximum intensity value.

As can be seen in Fig. 7, the proposed method detects all
the bifurcations and crossovers, however, vessel with high
curvature are also detected. In Fig. 8 a close-up of the reti-
nal image with the multiple orientation vector field is shown.

(a) g(x) (b) aΘ
l (g)(x) (c) rΘ

l (g)(x)

Fig. 3 a) Absolute value of the gradient of f (x), b) accumulation by
supremum of directional openings, c) residue of the orientation apertures.

(a) gθ1 , θ1=0◦ (b) gθ2 , θ2=15◦ (c) gθ3 , θ3=30◦

(d) gθ4 , θ4=45◦ (e) gθ5 , θ5=60◦ (f) gθ6 , θ6=75◦

(g) gθ7 , θ7=90◦ (h) gθ8 , θ8=105◦ (i) gθ9 , θ9=120◦

(j) gθ10 , θ10=135◦ (k) gθ11 , θ11=150◦ (l) gθ12 , θ12=165◦

Fig. 4 Directional openings of g(x) with l=7.

(a) g̃θ1 , θ1=0◦ (b) g̃θ2 , θ2=15◦ (c) g̃θ3 , θ3=30◦

(d) g̃θ4 , θ4=45◦ (e) g̃θ5 , θ5=60◦ (f) g̃θ6 , θ6=75◦

(g) g̃θ7 , θ7=90◦ (h) g̃θ8 , θ8=105◦ (i) g̃θ9 , θ9=120◦

(j) g̃θ10 , θ10=135◦ (k) g̃θ11 , θ11=150◦ (l) g̃θ12 , θ12=165◦

Fig. 5 Regularized directional openings using η=1.
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Fig. 6 Multiple orientation vector field �θ obtained by the proposed method.

IV. CONCLUSIONS

This paper has presented a method for the detection of bi-
furcations and crossovers based on a novel estimation of mul-
tiple orientations. The robustness of the morphological oper-
ators to provide the orientation vector field produces a cor-
rect detection of all bifurcations and crossovers, but also high
curvature vessels are wrongly detected. Note that due to the
regularization of the directional openings, resulting in an ori-
entation discrimination, the proposed method is able to detect
bifurcations with gaps which do not preserve completely the
connectivity of the bifurcations.

As future work, we will evaluate the performance of the
proposed method on all retinal images from DRIVE [9] and
STARE [15] databases. Comparisons with other state-of-art
methods as, e.g., [6], also will be done. Another task for
further research and development is the analysis and post-
processing of the results in order to detect vessels with high
curvature and then try to reduce the false positives.
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