Multiscale Vessel Segmentation: A Level Set Approach
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Abstract. This paper presents a novel efficient multiscale vessel segmentation
method using the level-set framework. This technique is based on the active
contour model that evolves according to the geometric measure of vessel struc-
tures. Inspired by the multiscale vessel enhancement filtering, the prior knowl-
edge about the vessel shape is incorporated into the energy function as a region
information term. In this method, a new region-based external force is com-
bined with existing geometric snake variation models. A new speed function is
designed to precisely control the curve deformation. This multiscale method is
more efficient for the segmentation of vessel and line-like structures than the
conventional active contour methods. Furthermore, the whole model is imple-
mented in a level-set framework. The solution is stable and robust for various
topologic changes. This method was compared with other geometric active con-
tour models. Experimental results of human lung CT images show that this mul-
tiscale method is accurate.

1 Introduction

Many diseases are accompanied with the change of vessel shape. Analysis of the ves-
sels that helps identify early features of pathological changes plays an important role
in medical diagnosis. Moreover, the vessel segmentation provides a tool to understand
the relation between vessels and diseases. Vessel segmentation is an important area in
medical image processing.

Early approaches for vessel segmentation include matched filter method [1] and
morphological method [2]. In these approaches, all the pixels of the vessels in these
approaches should be detected before the whole line shape structures are captured.
However, detection accuracy and validity of post processing is always considered, es-
pecially for noise or low contrast images. T-snakes method for vessel segmentation
was firstly provided in Reference 3, which is topology adaptive, but companied with
extensive computational cost. Recently, active contour models [5][7][8][9][10] have
become effective tools for extraction of region of interests (ROI), which were widely
investigated for overcoming the limitations of traditional methods. Sethian et al first
introduced the level set method into active contour models for numerical implementa-
tion [4]. Reference 5 applied level-set-based active contour methods to vessels extrac-
tion, whose corresponding curve evolution is controlled by gradient information. The
evolution can be implemented by FastMarching algorithm, because all the speed in
the image is defined as the positive or negative speed fields. The following boundary-
based approaches added the curvature term and advection term to evolution equation
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for smoothing the curve and driving the front into the desired boundary. These inves-
tigations may improve the segmentation results. However, they are difficult to evolve
accurately in weak edge or noise images. Moreover, Most of the methods are sensitive
to the initial condition. Region-based methods are more suitable for vessel segmenta-
tion because the whole region information, not only boundary gradient information, is
considered. Early region-based method is markov random fields-based approach. Re-
cently, many region-based active contour models were presented. Yezzi presented a
global approach for image segmentation [8], but it brings too extensive computational
cost. The geodesic active region model presented by Nikos [7], who integrates bound-
ary-based with region-based active contour approaches, is more effective region-
based snake segmentation methods, because prior knowledge about ROI is intro-
duced.

The important problems in the region-based approaches include the design of re-
gion-based models and the combination with the snake energy minimization frame-
work. In this paper, a level-set-based method for vessel segmentation is presented.
This method is inspired by multiscale vessel enhancement filtering. The measure of
vessel structure as posterior probability estimation is introduced into the energy func-
tion. This method is combined with boundary-based snake framework and imple-
mented by level set method. Experimental results on different medical vessel images
segmentation demonstrate the performance of the proposed model.

The remainder of the paper is organized as follows. In section 2, a multiscale ves-
sel enhancement method is briefly introduced; in section 3, the proposed energy func-
tion is described and the new level set evolution equation is developed; in section 4,
experiments on vessels extraction are presented and compared with that of the exist-
ing active contour models; finally in section 5, conclusions are reported.

2 Multiscale Vessel Enhancement Filtering

The multiscale vessel enhancement filtering was first presented in Reference 6. The
filter depends on the eigenvalues A, (k =1,2,3) of the Hessian Matrix of the second
order image structure. The eigenvectors express three orthonormal directions: u,, in-
dicates minimum intensity variation, i.e. the direction along the vessel; The ideal tu-
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The first ratio accounts for the deviation from a blob-like structure but cannot dis-
tinguish between a line- and a plate-like pattern. The second ratio refers to the largest
area cross section of the ellipsoid (in the plane orthogonal tou, ). It is essential for
distinguishing between plate-like and line-like structures since only in the latter case
it will be zero. The final measure will be low in the background where no structure is
present and the eigenvalues are small. The whole vessel-enhancement filter v(x,0) at

location x and at scale o is defined as:

0 if A, >00r A, >0
,0)= R’ R; s?
v(x,0) (1-exp(— o )) exp(— o Y1 —exp(— e ) )]

The parameters ¢, 3, ¢ are thresholds, which control the sensitivity of the line filter

to the measures. Especially, for 2D images, the following vesselness measure can be
proposed:

0 if 2,>0
— RZ 2
V00D =1 exp(- 5 e 2562 ) @

The filter is applied at multiple scales that span the range of expected vessel widths
according to the imaged anatomy. Multiscale filter is also helpful to improve segmen-
tation in the noise image. The vesselness measure is provided by the filter responses
at different scales to obtain a final estimate of vesselness or vessel probability:

v(x)= max Vv(o,x)
O min <O <0max

Obviously, v(x)is between 0 and 1. Equation (1) is given for bright curvilinear

structures (MRA and CTA). For dark objects (as in DSA), the conditions (or the im-
ages) should be reversed.

3 Vessel Region Information Function and Evolution Equation

3.1 Vessel Region Information Function

The image segmentation can be viewed as an optimization problem with respect to a
posteriori partition probability. Usually, the posteriori probability density function is
given according to prior probability by the Bayes rule. The vesselness measure is
maximal at the center of the vessel and decreases to zero at the vessel boundaries,
which is suitable to be used as the vessel probability estimation. For example, if the
vesselness measure of a pixel is closer to 1, it is likely that the pixel is in the vessels.
Therefore, we define the vessel region information function as:



704 G. Yuetal.

1 if vix)=a
P(I(x))=<v(x) ifv(x)<aandv(x)=b 3)
—(1=v(x)) ifv(x)<b

Where a,b € [0,1],1(x) is the image intensity. a,b are thresholds, which control the
sensitivity of region information function. @ = 0.5, 5 = 0.2 have proven to be work well
in most cases. P(I(x))is a piecewise function, whose values range [-1,1]. When its
value is 1 or close to 1, the voxel should be a point in vessels. When its value is much
smaller than 1, the voxel may be in or out of vessel. When the value of P(I(x))is
negative, the voxel is out of vessels. Moreover, the smaller the function value, the
smaller the vessel probability density function. Therefore, P(I(x)) is equal to an effi-

cient estimation of the vessel probability density function, which applies not only ves-
sel intensity information, but also the whole line-like structure information of vessels.

3.2 Energy Function and Speed Function

The new vessel region information energy function in 3D space is presented as:
E,. =[] « Uk, y, 2)dxdydz “)

Where R is the interior fields of the curve (2D) or surface(3D). The integral in equa-
tion (4) is to find the boundary of R where E,,,, is minimized. The straightforward
understanding to the equation is that the boundary of curve or surface should include
voxels in the vessels as many as possible. Moreover, E,, , is a region-based energy
function and not sensitive to the initial condition.

Integrate it with boundary-based energy function; the whole energy function is de-
scribed as:

E = aEvexsel + (1 - a)EBoundary (5)

where o€ [0,1].
In this paper, we choose geodesic active contour as boundary information energy.
It is defined as:

E=0E,,, +<1—a)jg{lw<c>|}1€'(p>|dp ©)
0

According to variational theory and gradient descent method, through minimiz-

ing E ., , we can acquire its evolution equation. It is presents as:
oC -
> pU(x,y,2))-N )

Where N is the outer normal vector of the curve or surface. When the curve is in the
vessels, the vesselness measure is biggish. Therefore, the evolution speed is equal or
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close to 1, which creates a large expansible force to make the convergence more
rapid. When the curve is out of the vessel, the evolution speed is close to -1, which
makes the curve shrink rapidly. In other cases, both vessel force and boundary force
control the curve evolution.

Reference 11 presented the evolution equation of geodesic active contour. The
geodesic active contour evolution model is:

aa_f: g(VI)(c, +¢,k)- N~ (Vg(VI)-N)-N ®)

Where £ is the curvature of curve, c,,c,is parameters.
From equation (5), (7) and (8), the final speed function is defined as:

a_czaxp(l(x,y,z)yﬁ-i-(l—a)

ot ®

{ngb(cl +e,k)-N— (Vg(VI)- N)- ﬁ}

3.3 Evolution Equation in Level Set Framework

Assume that the curve C is a level set of a function of u :[0,a]x[0,b] — R. That is,
C coincides with the set of points u# = constant (e.g.u =0) . u is therefore an implicit

representation of the curve C . This representation is parameter free, then intrinsic.
If the planar curve C evolves according to

dc

9€ _ BN
ot p
for a given speed function [, then the embedding function u should deform accord-
ing to
Jdu
— = f|Vu
= = AV

By embedding the evolution of C in that of u, topological changes of C are han-
dled automatically and accuracy and stability are achieved using the proper numerical
algorithm.

Vu

[Va

3—? =axXp((x,y,z)): |VM| +(1-a)

Because N = , from level set theory, the level set evolution equation is:

- (10)
{g(|V1|)(c, +czk)~|Vu|—(Vg(|VI|)-N)~|Vu|}
Vu

Where k = diV(W) .
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Equation (10) is the final curve evolution equation, which can be implemented by
level set method.

4 Experiments and Results

To demonstrate our vessel segmentation model, the proposed level set evolution equa-
tion (10) for vessel extraction is compared with other three conventional methods.
Experiment1: geodesic active contour model presented by reference 11:

E;_f = g(VI)(e, +¢,k)- N~ (Vg(VI))-N)-N

In the following experiment, ¢, =1,c¢, =—0.1. The values of ¢, and ¢, can work

well in most images [11].
Experiment2: The evolution equation presented by Malladi[5]:

% — gVI-(c,~e.b) - AVP-N) N

Where P:—|VG*I |N is outer normal vector. In the following experiment,

¢, =L, =0.1, =0.1. The values of parameters have proven to work in most cases.
Experiment3: fully global approach presented by Yezzi[8]:

aC

I-u I-v_ — -
=) (——+—2).N=B-k-N
ot @ =)-( A, * A ) p

Where u, Vv is the average of interior or exterior intensity of curve, A, , A, is interior

u’

and exterior area. We set f =0.1 in the experiment.
Experiment4: the proposed model in this paper:

3—? = ax p(I(x, y,2))|Vu|+ (1)
fe(VID@e, + ) [Vul - (Ve(Vi)- N Vil

Where the best results are obtained for o¢=0.6,c, =1,¢, =—0.1. In most cases,

o should be bigger than 0.5, because the vesselness measure is more efficient than
gradient information in noise images. Moreover, the selection of big o makes the
segmentation result not sensitive to the initial condition. The selection of ¢, and c, is

similar to the first experiment.

In the following experiment, we present some segmentation results of 2D medical
vessel image. All the methods can be extended to 3D medical image because they are
implemented in level set framework. The medical image is pulmonary vessels selected
from CT image. The obtained image is low contrast and accompanied by random noise,
where many branches are blurry and discontinuous intensity. The first column shows
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the initial seed curves; the second and the third column show the random middle state of
the curves; the fourth column shows the final segmentation result.

Figl(a)~1(d) are the results of geodesic active contours model, where the big ves-
sel branches can be extracted successfully. However, many narrow or blurry branches
fail to be captured because the boundary-based information in these branches is too
weak. The results of experiment 2 are Fig2(a)~2(d). Like geodesic active contour
model, the only edge-based information is too weak to propagate the front in thin
branches. Meanwhile, the boundary-based model is sensitive to the initial condition
and all the seeds have to be set nearby branches. Another problem in these approaches
is the curves are easy to leak out of weak edges if the improper parameters are se-
lected.

Fig3(a)~3(d) are the results of Yezzi’s model. It is not sensitive to the initial condi-
tion and all the seeds are set at random. Because it only uses the global intensity in-
formation in the evolution equation, many low contrast pixels in vessels are excluded
from ROI. Therefore, the result of the experiment is not satisfactory. Fig3 (d) shows
the final result, where many thin branches are not captured successfully. Figd(a)~4(d)
are the results of the proposed model in this paper, where the vessels especially nar-
row thin branches can be extracted successfully. Moreover, many blurry and even
broken branches can be captured and connected automatically. Meanwhile, although
the intensity of many branches is discontinuous, the vessel region information func-
tion is also effective to find them. Fig4(d) shows the final result, which demonstrates
the performance of our approach.

Fig. 2. Malladi’s model. From left to right, Fig2(a) , Fig2 (b), Fig2 (c), Fig2 (d).
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Fig. 4. The proposed model in this paper. From left to right, Figd(a) , Fig4 (b), Fig4 (c), Fig4 (d).

5 Conclusion

In this paper, we proposed a novel efficient multiscale vessel segmentation method
that is based on the curve evolution. In this method, a new regional information func-
tion was designed to integrate the multiscale enhancement filter. A new curve evolu-
tion model was incorporated with the edge-based speed function. This method is effi-
cient for the segmentation of vessel and other line-like structures. It is not sensitive to
the initial condition. The proposed approach was implemented in the level set frame-
work and is suitable for various topologic changes. Moreover, it can be easily ex-
tended to 3D images because the multiscale enhancement filter works well in 3D
space. This approach was validated in human CT images for pulmonary vessel seg-
mentation. Experiments showed that the new method performs better than the conven-
tional snake models for the segmentation of narrow thin vessel branches. It can auto-
matically analyze line-like structures and works well even when the branches are
darker or blurrier. The proposed approach in this paper is very promising.
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