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ABSTRACT Several minimal path techniques have been proposed to deal

Methods to segment retinal blood vessels are presente .ith this problem [9]. _These_ methods required the definition
Many authors have used minimal cost paths, or similarl y the user of a starting point (propagation source) and end

geodesics relative to a weight potentid) to find a vessel points. Each end point allows to extract a minimal path from

pathway between two end points. We focus on the use otpis point to the source point, the points located on the -mini

a set of such geodesic paths to extract retinal blood vesse al path are very likely to be located on the vgssel of'interes
using minimal interaction. The approach consists in com- gg\i’\éotrﬁ: QZV?nZﬁtearlcigivgft?rdeteosrt?sg&igli Efﬁ%;?zgf the
puting geodesics from a set of end points scattered in the 9

image in such way that there is a high geodesic density oﬂf tTetpr)]r.opaganon from a sTgIe point. hi tract blood
the vessels. This geodesic density is used to approximate N this paper, we present a new approach 1o extract bioo

the centerlines and walls of the vessels. The methods weP@SSEIS from retinal images without using angriori infor-

applied to segment blood vessels from images of the retina.matlon and based on the user prowdmg only a single point
on the vessels. While the first version of this method was

Index Terms— Geodesic voting, Fast Marching, mini- presented in conferences [3], namely geedesic voting, we
mal paths, tree structure segmentation, retinal bloodeVessgive here a summary and adapt this method to the segmen-
segmentation. tation retinal vessels. Furthermore, we will compare here
our methods with competing methods used for the segmen-
1. INTRODUCTION tation of blood vessels. The geodesic voting method cansist
in computing geodesics from a set of end points scattered in
The segmentation of blood vessels is useful for the diagnosthe image to a given source point. The target structure cor-
of diseases or in the assessment of the efficacy of therapigsponds to image points with a high geodesic density. The
Diameter and branching angles of retinal blood vessels ageodesic density is defined at each pixel of the image as the
important criteria in these tasks, [1, 2]. These measurésnennumber of geodesics that pass over this pixel. A potential is
can be computed by segmenting retinal blood vessels. defined in such a way that it takes low values on the vessels,
The focus of this paper is to adapt and apply geodesic ~ therefore geodesics will locate preferably on the vesseds a
voting method [3], developed initially to segment any kind of thus the geodesic density should be high.
thin tree structure in medical imaging, to the segmentatfon In Section 2, we present the tools needed in Section 3 to
retinal blood vessels. Retinal blood vessels can be camside introduce geodesic voting methods for vessel segmentation
as a network composed of tree structures. In Sections 4, we apply our methods to the segmentation of
There have been many studies on the segmentation 6food vessels from retinal images.
blood vessels but only few of them focus on retinal blood
vessels in particular. We can classify the retinal segntiemta 2 BACKGROUND
method into two categories: supervised methods which re-
quire manually labeled images [4] and unsupervised methods 1. Minimal paths
[5, 6]. The geodesic voting method presented in this paper

belongs to the former category. For a general review on blooH! the context of image segmentation Cohen and Kimmel pro-
vessels segmentation, see [7, 8]. posed, in [10], a deformable model to extract contours be-

Minimal paths techniques were extensively used for cenfWeen two points given by the user. The model is formulated
terlines extraction of blood vessels. These approacheware as finding a geodesic for a weighted distance:
bust to the presence of local perturbations due to the pcesen I
of stenosed branches or imaging artifacts where the image in min/ (w+ P(y(s)))ds, 1)
formation might be insufficient to guide the growing process v Jo

*This work was partially supported by ANR grant MESANGE ANR- Fhe minimum is consi.dered over all CUI'V.@(SE) tracgd on the
08-BLAN-0198 image domain that link the two end points, that ig(0) =




xo andy(L) = z1. The constaniv imposes regularity on the geodesic density at each pixedf the image by
the curve.P > 0 is a potential cost function computed from

the image, it takes lower values near the edges or the fsature al

For instanceP(y(s)) = I(y(s)) leads to darker lines while np) = Zép(y’“) 2)
P(y(s)) = ¢(||VI|]) leads to edges, wherkis the image =t

andyg is a decreasing positive function. where the functiord, (y) returns 1 if the pathy crosses the

To compute the solution associated to the soutgoaf this ~ pixel p, else 0. Once the geodesic voting is made, the tree
problem, [10] proposed a Hamiltonian approach: Find thestructure is obtained by a simple thresholding of the gaodes
geodesic weighted distance U that solves the Eikonal equaensityu. As shown in [11], the contrast between the back-
tion: ||[VU(z)|| = w + P(z), Vz € Q. The rayy is subse- ground and the tree is large and the threshold can be chosen
guently computed by back-propagation from the end point easily.
by solving the Ordinary Differential Equation (ODR){s) =
—VU(y) The idea behind the Fast Marching algorithm is to 3. GEODESIC VOTING METHODS FOR BLOOD
propagate the wave in only one direction, starting with the VESSEL SEGMENTATION
smaller values of the action map U and progressing to the

larger values using the upwind property of the scheme. Fhereseodesic voting method gives a good approximation of the
fore, the Fast Marching method permits to solve the Eikonajgcalization of the tree branches, but it does not allow to ex

in complexityO (nlog(n)), for details see [10]. tract the tubular aspect of the tree. Here, we use the gandesi
voting method to build a shape prior to constrain the level
set evolution in order to segment the boundary of the tubular

2.2. Geodesic voting for the segmentation of tree struc-
structure.

tures

We have introduced in [3] a new concept to segment a treB.1. Geodesic voting in an augmented space
structure from only one point given by the user in the treeI hi _ introd int th h
structure. This method consists in computing the geodesi this section we introduce a constraint that ensures that

density from a set of geodesics extracted from the image. adne segmented tree approximates well the centerlines of the

sume you are looking for a tree structure for which a poténtial©€ @nd we adapt the geodesic voting method to segment the
alls of the tubular tree structure. The idea is to perform

cost function has been defined as above and has lower vaY,Q— desi . it ol that i
ues on this tree structure. First we provide a starting pajnt the geodesic voting with a potential that integrates anaextr

roughly at the root of the tree structure and we propagate gimension used to measure the distance from the centerline
front in the whole image with the Fast Marching method, ob 0 the walls oLFhe vessels. The poten.tlall pror?osed b.y.[1|2]
taining the minimal action U. Then assume you consider arlpc:]cprpgr?)te§ t IS measureg.z More precisely, this poterdia
end point anywhere in the image. Backtracking the minimafiefined byP = (z,r) € @ x [0, 7imaa] — Plz,7). It

path from the end point you will reach the tree structure somecorPorates the full set of image values within the sphére o
enterz and radiir and it is designed in such a way that the

where and stay on it till the start point is reached. So a dart o

the minimal path lies on some branches of the tree structur&hOI? sphere Iie_s _inside the_desired object and is as Iarge as
The idea of this approach is to consider a large number Oq)ossmle so that it is tangential to the boundary of the dbjec

end points{z;,}Y_, on the image domain, and analyze the set! Ne extension of the m_inimal path e_xtract!on _mode_l (1) to
of minimal pathsy,, obtained. For this we consider a voting 1€ ase of a;]poftt?lnt@ with an extra-dimension is achieyed b
scheme along the centerlines. When backtracking each paffiiMMizing the following energy
you add 1 to each pixel you pass over. At the end of this pro- t
/ (w+ P(c(s),7(s)))ds. (©)]
0

cess, pixels on the tree structure will have a high vote since min
many paths have to pass over it. On the contrary, pixels in o
the background will generally have a low vote since very fewThe minimization of this energy allows simultaneous approx
paths will pass over them. The result of this voting schemémation of the minimal path and the radii of the spheres tan-
is what we can call the geodesic density. This means at eagfents to the boundary of the tube with centers located along
pixel the density of geodesics that pass over this pixel. Théhe minimal path. The computation of the path is achieved
tree structure corresponds to the points with high geodesigith the framework presented in the Section 2.

density. Using the potential’ and a set of end point&y, 1) (uni-

The set of end points for which you consider the geodesickrm grid) in the domain, we extract a set of geodesigs
can be defined through different choices. This could be alirom which we compute the geodesic density,r) —
pixels over the image domain, random points, scatteredgoinu(x, r) given by the equation (2). In this case the geodesic
according to some criterion, or simply the set of points a@n th voting map is a function of the spatial dimension and also
boundary of the image domain. We define the voting score aof the radii of the spheres. There are many ways to use



this (3D+radius) geodesic density in order to extract the % atistics Dice Sensitivity Specificity
structure [11]. Here we use the following spatial density: GVR GVP GVR GVP GVR GVP
Mean | 0.770| 0.775 | 0.66 | 0.657 | 0.929| 0.908
. Py Std 0.044| 0.063 | 0.066| 0.094 | 0.036| 0.056
fim(2) = Y pla, ). @)
r=0 Table 1. Comparison of GVR and GVP methods on the data
test.

3.2. Geodesic voting prior to constrain the level set evolu-
tion

Here we present a second approach to extract the walls of the For the GVP method, we have used the following poten-
vessels using the original geodesic voting method. A shapél P(z) = I(z)® to run the geodesic voting segmentation,
prior constraint is constructed from the geodesic votimeg tr Where! is the grayscale intensity of the image. For the GVR
to constrain the evolution of a level set active contour itepr Method, the augmented potentialused is described in Sec-
to extract the walls of the tree. A Bayesian approach is used ttion 3.1.

introduce this prior into the level set formulation. The rabd In table 1, we compare the GVR and GVP results for ves-
is formulated as a minimization problem of a global energyse| segmentation on the DRIVE database in terms of the fol-
composed of two terms. The first term corresponds to a dgowing evaluation measures: Dice, specificity, and seriiti

formation energy for a standard region based level set rdethaye found that the GVR and GVP gave similar results.

and the second term introduces the shape prior: .
In the following, we compare the performance of GVP

method with the edge and region based level set methods and

the fuzzy connectedness method in the segmentation of ves-
Ey(¢,c1,c2) = V(o 1, ¢2) T 552 / (6 = 6)*0c(¢)dz, (5) sels. Figure 1 shows the segmentation result obtained with

GVP. The shape prior allows us to constrain the propaga-
where the factor term. allows us to restrict the shape prior tion inside the tubular tree. Figure 2 (first row, right) sisow
within the region of interest, anglis the signed distance com- that the propagation without shape constraints=0 in the
puted from the geodesic voting tree. The segmentation dEquation (5)) can leak outside of the tree structure. Figure
vessels with this approach is achieved in two steps: (1) th2-(second row,left)- shows the results obtained with tlxeyu
geodesic voting tree is extracted using the original geodesconnectedness method. The segmentation of the tree is ob-
voting method (2) the walls of the vessels are extracted byained by thresholding the fuzzy connectedness map. For a
minimization of the functionalr;,. Figure 1 illustrates the small threshold the method does not allow to extract all the
segmentation process. Details about this methods are givémanches of the tree, and when the threshold is increased the
in [13]. propagation leaks outside of the tree. The same problems
were observed with the edge based level set method when we
increased the number of iterations, see Figure 2(second row
left). Figure 2 compares the results obtained with all ttzase

In this section, we will compare on the one hand the geodesﬁr(;??s:n tTnhen(ws(;/rE tTeeethborgr?c“li.?sthethboesttlzazskugs (:t tssugzeoefd
voting methods GVR (method presented in Section 3.1) anﬁl 9 Ny withou Ing outsi

GVP (method presented in Section 3.2) for vessel segment e tree structures.
tion from retinal images on the DRIVE data (Digital Retinal
Images for Vessel Extraction) [4]. On the other hand we WillE
compare GVR and GVP with other approaches used for veé%
sels segmentation. T
The DRIVE data were acquired using a Canon CR:" 1
non-mydriatic 3CCD camera with a 45 degree field of view;
(FOV). Each image was captured using 8 bits per color plani =
at 768 by 584 pixels. The FOV of each image is circular with
a diameter of approximately 540 pixels. For this datab#ee, t Fig. 1
images have been cropped around the FOV. The DRIVE daia,  jasic voting method presented in section 3.2. Left panel
is composed of 40 images for which manual segmentatloni

red the voting tree on the image is shown; center panel: the
are also provided. Considering the complexity of the rdatlnaé\{fting tree after thresholding (red); right panel: segratian

images apd the propertles of our algor_lthm we haye CIOPPELLs It obtained with the geodesic voting segmentation (red
twelve different images from the 40 images available an

evaluated our method on them.

4. RETINAL BLOOD VESSEL SEGMENTATION

b

Segmentation of retinal blood vessels with the



Fig. 2. Comparison of the geodesic voting approach with

other methods. First row, left panel: shows in red the seg-

[3] Youssef Rouchdy and Laurent D. Cohen, “Image seg-

mentation by geodesic voting. application to the extrac-
tion of tree structures from confocal microscope im-
ages,” inThe 19th International Conference on Pattern
Recognition, Tampa, Florida, 2008, pp. 1-5.

[4] Joes Staal, Michael D. Abramoff, Meindert Niemeijer,

5]

(6]

[7]

mentation obtained with the edge based level set method; thé8]
right panel shows in red the segmentation results obtained
with a Chan and Vese method without using the geodesic vot-
ing prior. Second row, the left panel shows the fuzzy connect

edness segmentation; the right panel shows the segmentatio
result obtained with our approach.

5. CONCLUSION AND FUTURE WORK

In this paper we have presented a new method for the se
mentation retinal blood vessels. These methods are adapted
to segment automatically the centerline and the walls cde tr
from a single point given by the user, no a priori information
In contrast, the methods present in the literature for tige se

mentation of vessels are not fully automatic and requirerpri [11]

9]

0]

information about the structure to be segmented. We have ap-
plied our approach to segment retinal blood vessels from 12
images. The results are satisfying in terms of the stadistic
Dice measure, sensitivity, specificity.

(12]
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