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In this paper a segmentation algorithm of carottdrees on computed tomography angiography (CTAgdes
is proposed. The algorithm is based on the thréslesel set approach. In the basic version, therdhlgn analyzes
CTA slices beginning at the brachiocephalic trunl going towards carotid arteries. Second vaanhe algorithm
performs segmentation in the opposite directionichvimplies that the algorithm can follow brancleg. subclavian
arteries.

The localization process of the initial contourr threshold level set method, on the first slicebésed on
curvature anisotropic diffusion filter, the Gaussfidter and fast marching method.

The article contains segmentation results for testets of method parameters. Experimental reshtis/ shat
optimal set of parameters ensuring that the thidslevel set method performs segmentation of theéeesubclavian
arteries, does not exist.

1. INTRODUCTION

Carotid arteries are capillaries of circulatoryteys, which supply oxygenated blood to the neck
and the head. Lesions of the carotid arteries swally caused by atherosclerotic plaques, andrcéurm
lead to neurological complications, including mowst) speech, proprioception and balance disorders
[6]. According to World Health Organization (WH@) stroke is second after the ischaemic heart diseas
cause of deaths, contributing to 6.15 million dsatierldwide [10].

Proper location and visibility of carotid arteriesions is an essential part of invasive treatment
e.g. endarterectomy or stenting [1,3]. The prooés$scalization of lesions and surgical decisioarpling
may be supported by virtual reconstruction and asterpaided detection (CAD) system. However, three-
dimensional reconstruction process must be preckdeppropriate and correct, from the medical point
of view, segmentation of arteries areas.

In this paper, we present an algorithm based oeshiolding level set method, addressed to the
carotid arteries segmentation on computed tomograpigiography (CTA) images. We show two
variants of the algorithm, which separate integsbtid and subclavian carotid arteries each. paser
is organized as follows. In the next section, weallethreshold level set method. In section Ill, we
propose segmentation algorithms. In the last sectiee segmentation results and method parameters a
shown, along with concluding remarks.

2. THRESHOLD LEVEL SET METHOD

The most important part of the presented algoriibna threshold level set method. Level set
methods [2,8] are a family of algorithms based wolion of curve, which is given implicitly as lel
set formulation of certain function [5]. This curean dynamically change its topology — split and
merge, what is especially useful in segmentatioines-like structures on different transverse slif@&.

The algorithm approximates edges of desirable olfmcgroup of objects) with a regular time-
variant curve in0?%, which is modified in successive iterations untibubdaries of objects are
approximated sufficient precision.
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The curvey(t) is represented as a level set of funcvzj&(rx, y,t). It may be written as [2]:

wt)= {(x y)O02:¢(x,y,t)= O} (1)

We assume that the initial conditiop(0) is given. The values ofy(x,y,0) are positive (or
negative) for points respectively located outsitside) of the curvy(O). The level set for valué of
function defined this way matches ]néo) [2].

The second important issue is modification of f'u:m:iz//(x, y,t), which in turn means changing of
y(t) [2,4]. For function which denotes movement speedeoél set ofy, partial differential equation
describing evolution of the curve is written as:

2 ). y0).0+ F)y).0)0w]= 0 @)

The Hamilton-Jacobi equation (2) can be solvedhwaspect tay by the Engquist-Osher scheme
[2,4].
In threshold level set method, the speed fundidamdefined as [8]:

F=-aA(x,y)dg - P(x, y) Oy + z(x y)ky| (3)

where a, [, y are arbitrary weights used to control the cunaislution andx is curvature of the
curve. TheA(x, y) function represents an advection (it is equaleiw n threshold level set method),
is a spatial modifier of curvature of level setdatiows marking of areas, where the curvaturenisféect
of noise. The propagation at a po(mty) is defined as [8]:

U—L+L

P(x,y)= {I(x, y)-L if 1(x,y)< @)

U-I (x, y) otherwise

Let Q be an area of luminance insicﬂb,U) interval. The form of equation (4) implies thaeth
level set should be at the boundary®f If an intersection ofL,U) interval and luminance range of
inside of level set is non empty, then the levekseers the border ai .

3. CAROTID ARTERIES SEGMENTATION ALGORITHM

The proposed algorithm analyzes slices beginnintpeatbrachiocephalic trunk and going towards
carotid arteries (Algorithm A). Starting from thiest slice, threshold level set segmentation atbariis
performed and the result is stored. The input oflsi instance of segmentation is composed of two
images: the current slice as a feature image amdebult of previous instance as an initial contp(.ﬁr)
(Fig.1). Output contains segmented image with aanstof arteries inside of current slice.

Results found in each segmentation area serveitéd Iavel set for the next segmentation, and
match is improved by using threshold level set métto appropriately approximate arteries in thetnex
slice.

The two conditions must be met in order to achesreect segmentation:

1. Itis possible to identify an interval of Iuminan(jeU), containing luminance values for pixels of
arteries. Moreover, the luminance of direct neigithood areas is required to be outside the
range(L,U). Then the entire area of arteries on single slarebe extracted accurately,

2. Each artery on every slice has at least one commoant (with respect to coordinates on slice)
with corresponding artery on the previous sliceelthe algorithm do not loses branching off
paths.
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previous oontour‘l

. threshold level set
——current slice—p| segmentation ——new contour—»

Fig. 1. A single instance of segmentation.

Since segmentation of each slice requires restilfgavious segmentation as a part of input, we
need to calculate the initial contour on the faigte using different method. Described algorithsesithe
method proposed in [8].

In the first step an image of edge potential iscwaked and filtered by curvature anisotropic
diffusion filter to reduce small noise without desing edges (Fig.2) [9]. Then the norm of gradieht
the image is calculated, convolved with Gaussidterfi(o = 0.1), and scaled by sigmoid filter
(a=-283,=115,Min=0,Max =1) (5).

f(x):(Max—Min);xﬂwm 5)

1+e_( i

In result, pixels have valu€son edges and close icelsewhere.

In the second step, a fast marching method is tssegpand from a set of initial points (provided as
input) to the entire area of both arteries. Theeedgtential image defines speed of expansion f&tr fa
marching method. The curve expands over tissuesarel edges are encountered. In result, the first
contour for main segmentation algorithm is obtained

The algorithm presented above can separate aliemtgoing upwards from the brachiocephalic
trunk to the brain arteries, which in particulaclude both carotid arteries.

set of initial points

anisotropic diffusion | Nonlinear magnitude of
filter Gaussian filter results

first slice——

» fast marching method ——first contour—»

Fig. 2. Scheme of the initial contour segmentat@rthreshold level set method.

3.1.EXTENDED VERSION OF THE ALGORITHM (ALGORITHM B)

Extended version of the algorithm can separateiestgoing downwards as well. After first pass
(Algorithm A), the algorithm performs a second omethe opposite direction: from the brain to
brachiocephalic trunk. In that way, the algorithoiidws subclavian arteries.

current slice

a contour from previous
In descending iteration . . threshold level set
minimum filter - ——new contour—»
___ acontour for current slice | segmentation
in ascending segmentation

Fig. 3. Scheme of segmentation in opposite diractio

The second pass of segmentation algorithm is paddrfor every slice beginning at one before the
last (localized in brain), and ending at previouslitial one (near heart). In this case, the infurt
threshold level set algorithm is the result of miaom filter of current slice segmentation resultsrirthe

first stage and the output from the previous stepis stage (Fig.3).
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The usage of minimum filter is a consequence ofesgntation of arteries, where negative values
represent their interior and the zero level s¢heés borders. Therefore, output of minimum filtemtains
both old and new (detected in the second pass)esite

The segmentation process adapts obtained contoarteéoes from slice. New contours of the
arteries are added to the previous ones, which detected in first pass of the algorithm. The outgfu
this instance of segmentation is written over #sults of previous phase.

4. RESULTS AND CONCLUDING REMARKS

Presented algorithm has been implemented and anssdgmentation of carotid arteries on CTA
images. Both variants of the algorithm has beeniegphpumerous times, with varying values of method
parameters. The most satisfying results are shavig.4. Parameters corresponding to these restdts
specified in Table 1.

Branches of carotid arteries were detected coyreaticluding subclavian arteries (Fig.4b-e),
however in certain cases there was some distorppo@sent in this area, as well as in the brain area
(Fig. 4b, d).

The difference between basic and extended verdidheoalgorithm (Algorithm A and Algorithm
B) is clear. The second stage in Algorithm B allawsdentify descending arteries, mainly significan
part of subclavian arteries (Fig.4b-e).

Two parameters are essential for the algorithmuicesed: uppery ) and lower () threshold
level. The threshold levels must be chosen inwet so that only the luminance of arteries contains
(L,U). Sometimes arteries are very close to other tssug bones — then the algorithm is not able to
properly detect the artery’ border. In the setesft images, increasing the lower threshold paranjete
leads to false constrictions of arteries detectmmly part of artery is detected, Fig. 4 c). Inegtltase,
lowering the lower threshold level leads to growtmumber of false segmentations (bones near esteri
are detected as arteries).

Another aspect of the proposed approach is the adtcurvature terny to the propagation term
B (3). Increasingarametery , we get smoother arteries shapes but the algorgHess capable to follow
branches.

Unfortunately, there is no single set of paransgteshich guarantee error-free segmentation from
medical point of view. It is caused by violationagsumption 1 - certain interval of luminance aéaes
sometimes represents arteries and sometimes rapegfjacent other tissues. In general, this assompt
is difficult to meet, and that ultimately limits @lcability of the algorithm.

Table 1. Proposed method parameters used to eaneas of arteries in Fig.4.

Figure Steps L U B y
a 1 400 750 1 1
b 2 400 750 1 1
c 2 450 750 1 1
d 2 400 750 1 25
e 2 425 750 1 25
i 2 400 750 1 75
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It v

a (b) (c)
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Fig. 4. Three-dimensional reconstruction of segeeatrteries by volume rendering technique.

5. ACKNOWLEDGMENT

This work is founded by the AGH University of Sacenand Technology as a research project
No. 11.11.120.612.

BIBLIOGRAPHY

[1] BROTT T.G,, et. all., Stenting versus Endarteregtdon Treatment of Carotid—Artery Stenosis, The Nemgland
Journal of Medicine, Vol. 363, No. 1, 2010, pp.23.-

[2] MALLADI R., SETHIAN J.A., Level set and fast marcig methods in image processing and computer vision,
International Conference on Image Processing, 1,d1996, pp. 489-492.

[3] MALEUX G., NEVELSTEEN A., Carotid Artery StentingiVhich Stent for Which Lesion?, Acta chirurgica
Belgica, Vol. 102, 2002, pp. 430-434.

[4] OSHER S., MULDER W., SETHIAN J.A., Computing Intaceé Motion in Compressible Gas Dynamics, Journal
of Computational Physics, vol. 100, 1992, pp. 2@8-2

[5] OSHER S., SETHIAN J.A., Fronts Propagating with @ture-Dependent Speed: Algorithms Based on
Hamilton—-Jacobi Formulations, Journal of ComputaldPhysics, Vol. 79, 1998, pp. 12-49.

[6] PURVES D., Neuroscience, Sinauer, Sunderland, 2008.

285



SELECTED TASKSOF MODERN MEDICAL DIAGNOSTICS

[7] SETHIAN J.A., MALLADI R., VEMURI B.C., Shape Modelg with Front Propagation: A Level Set Approach,
IEEE Transactions on Pattern Analysis and Machielligence, Vol. 17, No. 2, 1995, pp. 158-175.

[8] XU A., WANG L., FENG S., QU Y., Threshold-Based let\5et Method of Image Segmentation, Proceedings of
the 2010 Third International Conference on IntelfigNetworks and Intelligent Systems, 2010, pp-70G.

[9] WHITAKER R.T., XUE X., Variable-conductance, lev& curvature for image denoising, International
Conference on Image Processing, Vol. 3, Thessa|&tik1, pp. 142-145.

[10] World Health Organization, The Top Ten Causes aitbeMay 2011.

[11] http://www.who.int/mediacentre/factsheets/fs310_8paf.

286



