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Abstract

! The detection of the vesselscerterlines is a useful preprocessingstep for 3D quarti -
cation of stenosis,topological represetation of the vesseltree and registration with an
atlas, virtual endoscop, and visualization of the vascularnetwork. We proposeto com-
pare three classef algorithms leadingto certerline represetations of the vessels.The
rst onerelieson a pre-segmetation of the vesselsgiven by a binary image,to compute
a topological invariant skeleton. The secondmethod extracts sub-voxel certerlines as
ridgesof the imageintensity. It usesthe gradiert and the Hessianmatrix to interpolate
the zero-crossingsf the gradiert vector in the cross-sectionaldirections. The third
method usesan integration of the gradiert information alongcirclesof di erent radii in
the cross-sectionsin order to nd points located at equal distance from the cortours
. We presen results on a Magnetic ResonanceAngiography, shov the advantagesand
the drawbadks of ead method and presem someperspectives.

1Grant support: NIH P41-RR13218and CIMIT
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1 Intro duction

The extraction of the vesselcerterlines is a pre-processingstagewhich reducesa three-
dimensional angiograpty to a much simpler spatial represetation, while preserving
its topology. This information can then be usedin many image processingtasks like
registration [1], anatomical segmetation, stenosisquarti cation [11], visualization and
planning of a surgical operation. We proposeto compare se\eral techniques for the
extraction of the certerlines in three-dimensionalangiographies. Thesetechniquescan
be classi ed in two main categories.

The rst categoryrelieson a binary segmeted imageof the vesselsand extracts the
centerlines asthe skeleton of this image. This image can be obtained by simple thresh-
olding, hysteresisthresholding [4], or more complexalgorithms like region growing, de-
formable modelsor Level Setmethods [14]. From the binary image,a three-dimensional
thinning is usually applied in order to get a skeleton, and proceedsby removing the
simple points, de ned as the points whoseremoval do not alter the topology of the
object [15]. Howe\er, this thinning is not invariant to the order of the removal, sothat
the voxels are given di erent weights and removed in the correspnding order. The
weighting image has higher absolutevaluesof intensity at the certer of the vesselghan
near the cortours.

The secondcategoryusesthe rst and secondorder derivativesof the imageto de ne
the certerlines. A three-dimensionalmedialnessis de ned, which measuresat a given
point and scale,the degreeof belonging of the point to the medial axis of the object.
The medialnesscan be de ned as a cornvolution product of the initial image with a
kernel K (x; ). In [16], the medialnessis classi ed in two ways: rst, certral or o set
medialnesssecond linear or adaptive medialness.On one hand, the central medialness
is obtained by local information, using spatial derivatives of the image at a point x
and a scale . The O set medialnessusesthe localization of boundariesby averaging
spatial information about x over someregion whoseaverageradius is proportional to

. On the other hand, the medialnesss saidto be linear whenK is radially symmetric
and data-independert; and adaptivewhenK is data-dependen. The imagegradiert is
generallyusedfor estimating the cortours while the eigervaluesand eigervectorsof the
Hessianmatrix give information about the certerline, the axis and the cross-sectiorof
the vesselq8, 18 13 6, 10].

We rst presem three di erent methods for the extraction of the certerlines. The rst
onebelongsto the rst category The two othersbelongto the secondone,and usecen-
tral and o set medialness.Then, we comparethe resultsobtainedon athree-dimensional
Magnetic Resonancé\ngiography and discussthe advantagesand the drawbadks of ead
method. Finally, wetry to proposesomeperspectivesfor conbining the good properties
of eath method.
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The rst method usesatopologicalinvariant skeletonization, which relieson a knowledge
of the vesselscontours. This method hasthe good property of preservingthe topology
of the given object. The secondmethod computesthe zero-crossingf the gradiert

in the cross-sectionplan, which correspnd to the ridges of the image intensity. The
zero-crossingsare computed locally on eat cube de ned by eight neighboring voxels.
A trilinear interpolation allows for obtaining lines at a sub-voxel resolution. The third

method is an extensionof [10] applied to Magnetic ResonanceAngiographies. It uses
an adaptive o set medialnessat di erent scalesn orderto nd certerlines for vesselsof
di erent radii.

2.1 Algorithm 1: top ological invariant skeletonization

This method is basedon the work of [3] and [15]. Beginningfrom a binary image, it looks
at the skeleton as a set of voxels, proceedingas follows. First, compute the distance
transform of the object [2]. Second,compute the divergenceof the distancetransform
gradiert usingthe averageoutward ux in the neighborhood of the voxel. Third, thin
the binary imageby removing the simple points orderedby decreasingdivergence.
We denote O the object, N,(P) the n-neightorhood of P, N, (P) = N,(P) fPg
the n-neightorhood of P without P, C (P) the number of 26-connectedcomponerts
26-adjacem to P in O\ N, ,(P), and C(P) the number of 6-connectedcomponerts 6-
adjacent to P in O\ Ng(P). The simple points, de ned asthe points whoseremoval do
not alter the topology of the object , are characterizedby the following property [15]:

P is simpleif C (P) = 1and C(P) = 1.

The ordering of the voxels accordingto the outward ux is acheived by a max heap
structure which allows a fast extraction of the maximum. The heapis initialized to the
boundary of the object and the neighbors of the parsed points are added iterativ ely.
Another important issueis the de nition of the 'end points’. If a voxel is an end
point, then it is presened, eveniif it is simple. The three-dimensionalcharacterization
of end point in the caseof tubular structures is simpler than in the generalcase: we
consideran end point any point which hasonly one 26-adjacen neighbor. Then, three-
dimensionallines are createdby linking the neighboring points of the skeleton, and these
lines are smoothed using an iterativ e heat equationwith data attachmen for ead point
coordinate.

2.2 Algorithm 2: subvoxel gradient zero-crossings

This method is basedon the extraction of ridgesasde ned in [5] and usessimilar ideas
as[19, 7]. Let | bethe imageas a function from R® to R, r | be the gradiert vector
eld, H(l) bethe Hessianmatrix with eigervectorsv;Vv,;Vvs, and assaiated eigervalues
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1 2 3. The derivatives of the intensity are computed by convolving the image
with the derivativesof a Gaussiankernel of standard deviation . We are interestedin
the automatic extraction of the points which satisfy the following properties:

1, 2<0 and <rl;vyi>=0 (1)
<rl;vo>=0

Thesetwo equationslead theoretically to lines of local maxima of intensity (ridges).
One way to interpret equation(1) is that the gradiert vector points in the direction of
the certer of the vessel. Thus, (v1;V>) is just a basis of the vesselcross-section,and
equation (1) statesthat the gradiert should crosszeroin both directions of the cross-
section basis. In practice, the vectorsv,; and v, are estimated at the certer of voxels
and their directions can change considerably between two neighboring voxels. Thus,
we proposeto solwe the problem in eat cube formed by 8 neighboring voxels. Our
algorithm computesthe zero crossingof the two functions f 1(x) =< r 1(x);v; > and
fo(x) =< r 1(X);v, >, wherex 2 R® and v, and v, are constart vectorsin the currert
neighborhood. Eadc faceof the cube is treated separately using linear interpolation to
compute the intersectionsof the detectedlines. To increasethe accuracy of the esti-
mation of v; and v,, when an intersection point is found closeto an edge,we estimate
its position anewby computing v, and v, from the meanHessianmatrix of the corre-
sponding edge. Computation speedis alsoincreasedby treating only three facesof eath
cube. Next, we connectthe correspnding points inside ead cube.

Then, we post-processthe detectedlines in order to increasethe cortinuity of the ves-
sels. We connecttwo extremities of distinct certerlines M, and M,, with assiated
tangerts t; andt, (oriented outward), if and Pnly if the distapce betweenM,; and M,

is lower than dmay , and the two angles(t,; M1M»,) and (t»; M,M,) are lower than .

2.3 Algorithm 3: multiscale centerline detection

In [10], the authors presen a multiscale analysisfor extracting vesself di erent sizes
accordingto the scaleparameter. This work is basedon previousworks on multiscale
analysis[12], and on the notion of medialness[16]. It usesthe Hessianmatrix as a
descriptor of the local shape characteristics and orientation. The eigervalues of the
Hessianmatrix, whenthe gradiert is weak, expressthe local variation of the intensity
in the direction of the assaiated eigervectors. For this method, we denote ;; ,; 3the
eigervaluesof the Hessianmatrix with j 1] | 2] | 3], andwy;¥;; v3 the assaiated
eigervectors. The algorithm usedfor this multiscale analysisis asfollows. First, for eat
scale , aresponseis computedby integrating the boundary information alonga circlein
the estimated cross-sectiorplan of the vessel.The cross-sectiororientation is estimated
by the eigervectorsw; and v, of the Hessianmatrix, and the boundary information is
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obtained with the scalarproduct of the gradiert and the radial direction:

y(l
N r I(x+ w)w; with =2 i=N: (2)
i=0

R (x) =

with ¥ = coq )w; + sin( )wv,, N is the number of points along the circle, | is the
initial image,r 1 isthe gradiert of the imageat the scale i.e. obtainedby convolution
with the rst derivative of a Gaussianfunction of standard deviation , and is a
proportionality constan. Second,th% reponseis multiplied by for zoom-invariant
normalization, and the value of = ~ 3 is usedas an optimal value on a cylindrical
circular model. Third, local maxima in the cross-sectionand in the scale spaceare
extracted. Finally, from these maxima, certerlines are created and smoothed, where
eadt point of the lines cortains an estimation of the size of the vesselaccordingto the
scaleat which it was detected.

3 Comparativ e Results
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Figure 1. Left, sagital view of the initial image. Right, sameview after anisotropic
di usion.

We will presen resultsobtainedona 256 256 122Magnetic ResonanceAngioga-
phy, with voxel size0:74 0:74 1 millimeters. The imagehas rst beenpre-processed
by removing the bias basedon the meanintensity of the badkground voxels along hori-
zontal lines. Then an anisotropic Itering removesthe noisefrom the imageand creates
sharper edgeswithout destroying the vesselinformation [9, 17]. Figure 1 shaws slicesof
the initial and the restoredimages. Figure 2 shows the two main connectedcomponerts
extracted from an isosurfaceof the restoredimage. The threshold of the isosurfaceis
low in order to get the maximum number of small vesselswhile the corntours of the big
vesseldss not very accurate. We will usethe rst main connectedcomponert in dark
gray in our experimerts.
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Figure 2: Two rst main connectedcomponerts of an isosurfaceof the restoredimage,
in dark grey and light grey respectively.

Figure 3: Cenerline detections on the main connectedcomponert of the isosurface.
Left, result of the topological, divergence-basedskeletonization. Middle, result of the
gradiert zero-crossingsRight, result of the multiscale analysis.
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The extraction of all the certerlinesis di cult becauseofthe complexity of the vascu-
lar network. Se\eral problemsusually arise. One rst di cult y is the non-homogeneous
intensity of the vessels:small vesselshave a lower intensity than large ones. This prop-
erty can be explainedby se\eral factors: - if cortrast agens are used,they di use less
in the small vessels;- the partial volume e ect reducesthe intensity of thin vessels,
especially when their diameter is smaller than a voxel; - in Magnetic ResonanceAn-
giographies,the velocity of the blood is lower inside small vesselsand leadsto a lower
image intensity; - in Computerized Tomograply, the impulse response of the recon-
struction algorithm introducesan additional blurring. In [10, 11], the authors presen
a synthetic model of a corvolved bar-like cross-sectionwhich tries to take into accourt
this intensity change. This intensity change makesit dicult for the skeletonization
method to detect small vesselif the initial object is obtained by simple thresholding.
Figure 4 shavs the certerlines detectedon the selectedconnectedcomponent for ead of
the three algorithm. More speci cally, we idertify the following di culties that anideal
algorithm should be ableto handle: a) to detect thin vesselsp) to keepthe topology of
the vesselspreservingtheir cortinuity at junctions and along the vesselsc) to detect
separatelytangert vesselsd) to obtain a good sub-voxel certral position of the lines;
e) to keepthe cortinuity of the line in caseof a stenosis.We summarizein table 1 the
behavior of eat algorithm, basedon the properties of the algorithms and on our currert
experimert. Howeer, in the caseof stenosis,more experimerts should be carried out.

skeletonization | gradiert zero-crossings multiscale
a. thin vessels + +
b. junctions ++ +
c. tangency ++ +
d. sub-voxel resolution +

Table 1: Behavior of the three preseted methods on speci ¢ di culties.

Figure 4 illustrates the properties of ead algorithm, and preseis results on some
selectedareas of the vascular network. On the top, we shav the isosurfaceof the
internal, middle and anterior cerebralarteries. The rst algorithm keepsthe topology
of the binary object, but createsa lot of loops, which make it dicult to follow the
main certerlines. The secondand third methods miss a few junctions, but the third
method seemsto be a compromisebetweena very good presenation of the topology
and the simplicity of the detectedcerterlines. The middle row of gure 4 is a zoom on
two thin and closetangert vessels.In this case,methods 1 and 3, which work at a voxel
scale, nd neighoor voxels ascerters and eat vesseland are not able to separatethem.
Howeer, the secondmethod which hasa subvoxel resolution performswell in this case.
The bottom row shaws the extremities of thin vesselswhere methods 2 and 3 are able
to nd longer certerlines even at a lower intensity level than the selectedisosurface.
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Figure 4: Comparisonbetweenthe methods. From top to bottom, zoom on the main
arteries and their bifurcations, zoom on tangernt vesselszoom on small vessels.From
left to right, isosurfaceof the restoredimage, result of the algorithms 1,2 and 3.
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4 Conclusion and future work

To the bestof our knowledge,this paper isthe rst comparisonbetweenthree categories
of algorithms for detection of the certerlines of tubular structures. Our comparison
is qualitative and has been carried out on a three-dimensionalMagnetic Resonance
Angiography of the Brain. We discussedhow well ead algorithm is able to deal with
most common problems arising in vesselsegmetation including keepingthe topology
of junction, nding thin vesselsand dealing with closeand tangert vessels.We plan,
in future work, to combine those methods in order to take advantage of eat one. One
idea is to detect a set of vesselswith the secondor third method, and to usethem as
end points in the rst method, in order to improve their topology. We alsoplan to use
the certerlines as a tool for semi-automaticlabelling of the vesselsand for creating a
three-dimensionalatlas of the brain vascularity.



Bibliograph vy

[1] S.M. P. Alan Liu, Elizabeth Bullitt. 3d/2d registration via skeletal near projective
invariancein tubular objects. In MICCAI'98,Cambridge, MA, USA, volume 1496
of Lecture Notesin Computer Scien®, pages952{963. Springer, 1998.

[2] G. Borgefors. Distance transformationsin arbitrary dimensions. CVGIP, 27:321{
345,1984.

[3] S. Bouix and K. Siddigi. Divergence-basednedial surfaces.In ECCV (1), pages
603{618,2000.

[4] J. Canny. A computational approad to edgedetection. PAMI-8:679{698, Nov.
1986.

[5] D. Eberly, R. Gardner, B. Morse, S. Pizer, and C. Sdarlach. Ridgesfor image
analysis. 4:353{373,1994.

[6] A. Frangi, W. Niessen K. Vincken, and M. Viergewer. Multiscale vesselenhance-
mert ltering. In W. Wells, A. Colchester,and S. Delp, editors, MICCAI'98 , volume
1496 0f Incs, pages130{137,0ct. 1998.

[7] J. Furst, S. Pizer, and D. Eberly. Marching cores: a method for extracting cores
from 3d medicalimages. In Proc. Workshopon Math. Methads in Biomed. Image
Anal., pages124{130,1996.

[8] T. Koller, G. Gerig, G. Szkely, and D. Dettwiler. Multiscale detectionof curvilinear
structuresin 2D and 3D imagedata. In Inter. Conf. on ConputerVision (ICCV'95) ,
pages864{869,1995.

[9] K. Krissian. Flux-based anisotropic di usion: application to enhancemen of 3d
angiographies. Tednical Report 0011, Instituto Universitario de Cienciasy Tec-
nologas Ciberneticas, Campusde Ta ra, 35017Las Palmas, Espara, Dec. 2000.

[10] K. Krissian, G. Malandain, N. Ayadche, R. Vaillant, and Y. Trousset. Model based
detection of tubular structuresin 3d images. Computer Vision and Image Under-
standing 80(2):130{171,Nov. 2000.



BIBLIOGRAPHY 10

[11] K. Krissian, R. Vaillant, Y. Trousset,G. Malandain, and N. Ayache. Automatic and
accurate measuremen of a cross-sectionahrea of vesseldn 3d x-ray angiograply
images.In Proc. of SPIE'medical imaging 2000, Image Processingconferene, San
Diego, Feb. 2000.

[12] T. Lindeberg. Edge detection and ridge detection with automatic scaleselection.
In CVPR, page465, San Francisco,June 1996.

[13] C. Lorenz, I.-C. Carsen, T. Buzug, C. Fassnabt, and J. Weese. Multi-scale line
segmetation with automatic estimation of width, cortrast and tangertial direction
in 2d and 3d medicalimages.In CVRMed-MRCAS'97, volume 1205,pages213{222,
Grenoble,France,Mar. 1997.

[14] L. M. Lorigo, O. FaugerasW. Grimson, R. Keriven, R. Kikinis, and C.-F. Westin.
Co-dimension2 gealesicactive cortours for mra segmetation. In Inter. Conf. on
Information Processingin Medical Imaging (IPMI) , volume 16130f Lecture Notes
in Computer Scien®, pagesl126{139.Springer-\erlag, 1999.

[15] G. Malandain, G. Bertrand, and N. Ayade. Topological segmetation of discrete
surfaces.ijcv, 10(2):183{197,1993.

[16] S. Pizer, D. Eberly, D. Fritsch, and B. Morse. Zoom-invariant vision of gural
shape: The mathematicsof cores.CVIU, 69(1):55{71,Jan. 1998.

[17] M. Rodriguez-Florido, K. Krissian, J. Ruiz-Alzola, and C.-F. Westin. Comparison
of two restoration techniquesin the cortext of 3D medicalimaging. In MICCAIO1
Utrecht, The Netherlands volume 2208of Lecture Notesin Computer Sciene, pages
1031{1039.Springer, 2001.

[18] Y. Sato, S. Nakajima, N. Shiraga, H. Atsumi, S. Yoshida, T. Koller, G. Gerig,
and R. Kikinis. Three-dimensionalmulti-scale line Iter for segmetation and vi-
sualization of curvilinear strutures in medical images. Medical Image Analysis
2(2):143{168,June 1998.

[19] J. Thirion and A. Gourdon. The 3d marching lines algorithm and its application to
crestlines extraction. Tednical Report RR-1672,INRIA, Sophia-Artip olis, 1992.



