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Abstract

We present an interactive segmentation method for threemnkional medical images that reconstructs the surface oba
ject using energy-minimizing, smooth, implicit functionshis reconstruction problem is called variational intdgtion. For an
intuitive segmentation of medical images, variationagipblation can be based on a set of user-drawn, planar asritwat can
be arbitrarily oriented in 3D space. This also allows an eatggration of the algorithm into the common manual segat@m
workflow, where objects are segmented by drawing contownsnarthem on each slice of a 3D image.

Because variational interpolation is computationallyengive, we show how to speed up the algorithm to achieve &lreak
time calculation times while preserving the overall segtaton quality. Moreover, we show how to improve the robassof the
algorithm by transforming it from an interpolation to an apgmation problem and we discuss a local interpolatioresué.

A first evaluation of our algorithm by two experienced rad) technicians on 15 liver metastases and 1 liver has shiosin t
the segmentation times can be reduced by a factor of abounpamed to a slice-wise manual segmentation and only abaut on
fourth of the contours are necessary compared to the nunfilbentours necessary for a manual segmentation.
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1. Introduction

In medical imaging, automatic segmentation is a challeng-
ing task and it is still an unsolved problem for many medical
applications due to the wide variety of image modalitiegnsc
ning parameters and biological variability. Manual segtaen
tion is time-consuming and frequently not applicable imicial
routine. Therefore, semi-automatic segmentation methiads
methods which require user interaction, can be used in cases
where automatic algorithms fail. '

A wide range of semi-automatic segmentation methods ex- @ ()
ists that can roughly be classified inwoxel-basednethods, Figure 1: Example for segmentation of a liver metastasis in @Iguk? parallel
where the user draveeed pointso define fore- and background contours: (a) shows a user-drawn contour in one slice, (@ystthe interpola-
voxels [1' 2], andsurface-basednethods, where the shape of tion result in SD. A]so notice the cap on top of the segmentaitio(b), where
an object is reconstructed based antoursor object models mersegmentatlon is smoothly closed, even though no contouesewdrawn
[3, 4, 5, 6]. A surface reconstruction approach that can ladso ere.
used for 3D image segmentation is basednoplicit functions

In computer graphics, a surface reconstruction using §nerg -niours.
minimizing implicit functions is referred to as thin-plate

spline interpolation (in 2D) or variational interpolati¢n 32) trarily oriented contours. The contours can be drawn fregha
[7]. _Varlatlonal interpolation generates a smo@h or c*- by using algorithms likdive-wire [4] or any other 2D contour-
continuous surface based on a set of unordered points (a Sffig tool. Because of its interpolation character, the retuia-

calledpoint cloug. Using this approach, the surface is repre-jon ajgorithm guarantees that all contours given by the ase
sented by an implicit function. Because contours can beagen part of the surface. Moreover, it also extrapolates beybed t
a set of points as well, variational interpolation can beddse . oursin a plausible way (see Fig. 1)

shape reconstruction and thus segmentation of objectslii mu . . . . . .
In this paper we discuss variational interpolation for iinte

dimensional medical images from a sparse set of user-drawn _. . S i .
active segmentation of medical images with respect to appli

cations in tumor and liver segmentation from CT scans. Our
*Corresponding author goal is to support theontour-based workflowwhere objects
Email addressfrank.heckel@mevis.fraunhofer.de (Frank Heckel)  are segmented by drawing contours along its border and which

In contrast to other algorithms like the shapeba
interpolation [8], the reconstruction algorithm works aiia
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Semi-Automatic  Interactive result and to directly react on it. As a consequence, an-inter

Segmentation  “Fire and forget”  Iterative active segmentation algorithm needs to be fast enoughdw all
process _ _ this kind of (at least almost) real-time feedback. A welbim
Role of user Initialization and Steering and

example for this class of segmentation algorithms in 2D és th
live-wire algorithm. Table 1 compares thefdrences between
semi-automatic and interactive segmentation.

parametrization  correcting
Manipulation/  Direct or indirect  Direct

Input L . .
Performance  Moderate Fast I.n addltlpn tothe aIreapIy discussed reqwrgments, theegs)c
requirements (real-time response) of interactive segmentation also poses requirements owithe

sualization of intermediate results and on the human-coenpu
interaction, which are both essential for an intuitive afiictient
Table 1: Diferences between semi-automatic an interactive segmentation. yse of an interactive segmentation algorithm. Both fieldsha
been well studied over the past years but are out of the sdope o

. . . . ._the current paper. The interested reader is referred tonRxedl
is a common way to manually segment objects in medical IMpachselt [10]

ages. Using variational interpolation, a 3D segmentatimbze

calculated based on the 2D information given by the user. So

far, variational interpolation has not been used for suterin 3. Related work

active 3D medical image segmentation tasks. Reasons for thi In computer graphics, variational interpolation is a well-

might be the computational complexity of the algorithm andknown method for smooth surface reconstruction from unor-
the robustness of the algprithm to contra.dictory.user isyaud ganized point clouds based oadial basis functiongRBFsS).
complex contours. We will discuss both issues m detail. . One of the first papers on variational interpolation by Tunkl a

In Sec. 5 we show how to speed up the algorithm to achieveygrien focuses on shape transformation, i.e., transféiona
almost real-time calculation times while preserving therev panveen dierent 3D objects over time, using variational im-
all segmentation quality. The performance improvements arjicit functions [11]. Later the authors discuss modelibjgats
based ona shape-preserv_mg_reductlon of the number_ of COWith such implicit surfaces [12]. RBFs have also been used in
tour points and a fast voxelization strategy for the resgltm-  ji¢¢ contexts, like object reconstruction [13, 14, 15] oioa
plicit function. A significant speedup is achieved by thegbar  atic mesh repair [13]. Many authors address the robustness
lelization of the algorithms, utilizing modern 64-bit miutore [13, 14, 15, 16, 17, 18] and performance [13, 19, 20] of object
CPUs. We also discuss a local interpolation scheme based ¢8.onstruction with RBF-based implicit functions.
radial basis functions with compact support. In Sec. 6 we de- |, medical image processing, the thin-plate-spline irgerp
scribe how to make the interpolation algorithm more robast t |4tion is an established method for elastic registrationnof
self-intersecting contours. Finally, we discuss how torove 546 from dierent modalities or points of time [21, 22]. Some
the robqstness of the algorlthm by transforming it from an in 5 thors use RBFs for (semi-Jautomatic model-based segmen-
terpolation to an approximation problem. Results as wedd as (4tion where variational interpolation is combined withiee
first evaluation on 15 liver metastases and 1 liver are given i .qontours or level sets. Morsa al. use active contours with a
Sec. 7 and Sec. 8. constraint-based implicit representation for segmentinjgcts
in 2D medical images [23]. A combination of RBFs with ac-
tive contours for segmentation of 2D ultrasound, CT and MRI
data is also proposed by Slabaugttal. [24]. Freedmaret al.
use level sets and RBFs for segmentation of the prostate in 3D

Interaction in segmentation of medical images has been incT data [25]. An RBF based level set approach is also used
vestigated by Olabarriaga and Smeulders [9]. For segnientat by Gelaset al. for segmentation of dierent tissues in 2D ul-
tasks, botrsemi-automati@ndinteractiverefers to algorithms  trasound images and for segmentation of the calcaneus hone i
that require some kind of user input. From our point of view,3D CT data [26]. Wimmeet al. use an RBF-based surface re-
interactive segmentation fiiers from semi-automatic segmen- constructed from a few user-drawn contours on 2D multi-pian
tation in the role of the user and thus in the algorithmic iegu  reconstructions to initialize a level set algorithm [27]ndther
ments especially concerning the computation times andithe i application of RBFs is fitting surfaces to anatomical suies
terface used for human-computer-interaction. like the skull as shown by Caet al.[28].

In contrast to semi-automatic segmentation, an intemctiv Although some authors suggest variational interpolatan f
segmentation puts the user into an essential role during th@edical image segmentation [11], Masutani is the first arig on
segmentation task. While in semi-automatic segmentattons t author who explicitly focuses on RBFs for data-driven segme
user input is typically used for initialization of some an@tic  tation of volumetric medical images [29]. Although the pa-
algorithm, in interactive segmentation, the segmentacen  per mentions semi-automatic liver segmentation using Bie-R
iterative process where temporary results are generatea fr approach, it does not use it in a semi-automatic mannerin.e.
each user input to give the user a direct feedback on thetresukerms of incorporating user interaction. Mory and Ardon-sug
generated by the algorithm based on the current parameters dyest RBFs that are designed according to features in theeimag
rived from the input data. This allows the user to evaluage th [30]. Their approach was applied tdi@irent 3D medical image
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2. Semi-automatic vs. inter active segmentation



segmentation tasks using an interactive framework thatvall  written as ;
the user to interactively add control points, which definefo
ground and backgrour?ld voxels. Morr)y and Ardon report a re- () = P() + ijqb(x =), (2
sponse time of 1 second for images with 2§6xels. However, =
the algorithm only works interactively for a few constraiand  wherec; = (c}‘, C‘J/ %) are the points in 3D space where the func-
thus it would not be applicable for our segmentation prohlemtion is constrained to have a specific valug,are the weights
where we have to deal with thousands of constraints. of each RBF andP(x) is a degree-one polynomial that accounts
In conclusion, looking at the literature, variational ipte-  for the linear and constant portions tfx). According to Carr
lation has not yet been used foontour-based interactiveeg- et al. [13], a commonly used RBF in 3D that minimizes Eq. 1,
mentation of 3D medical images. is thebiharmonic spline
Another approach for interpolation between slice-wise bi-
nary segmentations is ttshape-based interpolatiateveloped $(x) = lIxIl. )

by Raya and Udupa [8]. By generating binary segmentationgye yse theriharmonic splinein this paper, which is another

from contours, this approach can also be used for some ki”@ommonly used 3D RBF. because it results @2acontinuous
of object reconstruction, but in contrast to variationdeo- 5,4 thus smoother interpolation [21]. It is defined by

lation, the surface of the generated segmentation is nobmo

and it cannot be used for arbitrarily oriented contours sHyi- d(x) = |Ix|13. 4)

proach has been used in combination with live-wire by Schenk

et al. for segmentation of the liver [31]. _f (x) must fulfill the constraints; whose values are given lby,
Finally, object reconstruction from a set of arbitrarilyi-or !-€- "

ented contours can also be done directly in the surface-mesh

i . ) . hi = f(c) = P(c ip(ci — cj). 5

(i.e., triangle-mesh) domain, as presented by de Bztin. and = T@) =P+ JZ_; Wi(Ci - i) ©)

Liu et al. [32, 33]. But as our goal is a segmentation of the ob- o )
ject inimage space, we would still need to voxelize the tesyl If a constraint; is located on the surface of the objdgtequals

mesh. The main advantage of implicit functions over a recon®: Which is called aurfaceor boundary constraintThis results
struction in the surface-mesh domain is that special caies | I the following linear system, withj = ¢(c; - c;).
bifurcations (i.e., having a fierent number of contours in two

) ) . . [ 1 cf “1Mwi]  [he]
adjacent slices for example) and multiple objects do not hav 211 512 o zlk 1 gi gys]; g% al hl
be handled explicitly. Moreover, it is not that easy to gnéea ?1 _22 ?k Sz 2 2 .2
aC2-continuous reconstruction in the surface-mesh domain. : : S | :
b1 P2 ¢ 1o o oflwi=|h|. ()
1 1 1 0 0 0 Of|lpo 0
4. Variational interpolation ¢t cc 0 0 0 Oflps 0
ci cZ c{ 0 0 0 Oflp]| |O
Implicit functions are a way to represent objects. Usingan |[c] ¢ cc 0 0 0 Oflps] [0O]

implicit function, the surface of an object is defined by aliis
in space that evaluate to 0 when inserted into the implicicfu
tion. If the implicit function is created based on genetiz
thin-plate splinesit is called avariational implicit function
[12]. Variational implicit functions are at lea€t*-continuous,
i.e., they are smooth. Using variational implicit functiorthe ,
interpolgtion problem can bg solved in any I[c)iimension [11¢ W 4.1. Contour-based segmentation
call thisvariational interpolation while in 2D it is calledthin- In medical imaging, 3D anatomical data is often acquired
plate interpolation This means, given a setednstraint points @S & set of parallelicesusing CT or MRI. An object in such
which are points on the surface of the object, a smooth irtplic 3D images can be manually segmented by drawing contours
surface can be created that passes through each constiiaint p 2long its border in all slices. By reconstructing the suzfaith

The variational interpolation defines an implicit function Variational interpolation, this only has to be done on a feves
f(x) that fulfills all constraints while it minimizes aenergy (€€ Fig. 1). In addition, variational interpolation albthe
function Ethat measures the smoothnessff). For aCl- contours to be drawn in arbitrary views (e.g., axial, cotpna

continuous interpolation in 30K is defined as sagittal or any MPR), as shown in Fig. 2. _
The points of the user-drawn contours are surface contgrain

2 2 2 5 N 5 ciS. But for unambiguously defining the implicit function, we
E= L P20 + £300 + £200 +2(f500 + 1200 + £200)d%. oo additional constraints that define which points shbeld
(1) located inside or outside the object. Turk and O'Brien disti
with Q being the region of interest in which the interpolation guish betweeinterior, exteriorandnormal constraint$7]. We
shall be computedt (x) is called thethin-plate solutionUsing  use the latter ones as they allow defining the normal in eaeh su
an appropriate RBB(x), the interpolation functiori(x) can be  face constraint.
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Solving Eg. 6 gives us the weights for f(x). According to
Turk and O’'Brien, the matrix in Eq. 6 is symmetric and positiv
semi-definite, so it is guaranteed that the linear systeraysw
has a unique solution [11].



Figure 3: Top: Computation of a normal constraiﬂt (indicated by a blue
+) for a surface constrairqs (indicated by a blue circle). The normaf of

the plane in which contour is defined is pointing inwards. t&ot Normal
constraints for one contour of the liver example.

Figure 2: Example for segmentation of a liver in CT data usingddtours in Draw /
g P g ¢ Delete / Edit

Contours

sagittal, coronal and axial view.

The location of a normal constrait is computed by adding
the normah; to the corresponding surface constraﬁl,twhich
is done for all surface constraints (i.e., for all points bbcan-
tours) (see Fig. 3). If a normal constraint is located insioe Check Calculate
object,hM is set to a positive value (typically 1). If it is located Result Segmentation
outside the objech is set to a negative value (typicalyl).
The normaln; in a pointc® on a contour can easily be esti-
mated using the adjacent points and the nomfadf the plane  Figure 4: Contour-based interactive segmentation procétssvariational in-
in which the contour is defined: terpolation. Contours can be drawn manually or by more adwtintege-based

algorithm like live-wire or SketchSnakes for example.
(e x(E-a) (el

I “(nC x (cS, =)+ (nC x (c® - cls_l))” object does not exhibit distinct boundaries. This is a commo
problem for many objects in medical images, at least at icerta
For deciding whethec)" is located inside or outside the con- Parts of the object, which is one reason why automatic algo-
tour, we have to perform point-in-polygon testin our imple-  rithms frequently fail. Regarding the smoothness of themec
mentation we use a Simpwossing test34] To speed up this structed surface it should be emphasized that ObjECtS incaded
test, all edges of the polygon are inserted into bins whech ea images are rather smooth as biological structures gepetall
bin corresponds to a voxel row in the image. This way only thehot have sharp edges.
edges within the bin in which the point is located have to be _ .
considered for the crossing test. 4.2. Interactive segmentation
The final step of the segmentation process i®xelization In an interactive segmentation process, the user can simply
of the resulting implicit function. A naive solution to thisan  add, remove or edit contours using proper contouring tdols i
evaluation of Eq. 2 for each voxel. Because of the discretizathe segmentation is not yet figient. The segmentation is
tion, no voxel will lie exactly on the surface, i.€.(x") will not automatically calculated after each modification to the-con
be 0 withx" being the position of the voxel's center. Instead, tours as shown in Fig. 4. Contouring can be done manually
we have to evaluate Eq. 2 for each of the eight corner pointer by more advanced image-based algorithms like live-wire
f(xiV) of the voxel. A voxel is located on the surface if there isor SketchSnakes for example [4, 6]. This way, an interactive
at least one corner point that is insidk(>(jv) > 0) and at least contour-based algorithm would be used for segmenting the ob
one corner point that is outside the objeb(o(‘/) <0). ject in 2D and these contours could then be used as input to
Variational interpolation does not use image information f our algorithm to generate a 3D segmentation. In our implemen
segmentation but only considers the object geometry giyen btation, contours are drawn manually in 2D viewers that show
the user-drawn contours. A segmentation algorithm thas usethe image data in élierent orientations in a slice-wise manner
variational interpolation is therefore able to properlgment and in which the segmentation result is visualized as a semi-
objects also if there is no contrast to the background,if.the  transparent overlay (see Sec. 8 for an example). A computer
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mouse and a touch-screen display have been employed as input
devices.

Because it is a global interpolation algorithm, variaticna
terpolation cannot take advantage of local changes, he., t
whole object needs to be reconstructed after each user inter
action. Therefore, the segmentation algorithm needs ta$te f
enough to allow a real-time response for this use case. We wil
address the performance issues in the next section.

Figure 5: Example where two tumors have been segmented. Thisdhat it
is necessary to start the surface tracking for at least oim pbeach contour

5. Towardsreal-timeresponse {0 cover all objects.

A segmentation algorithm that uses variational interpotat
consists of two computationally intensive steps. The fitep s
is building and solving the linear system given in Eq. 6. The A naive voxelization of the implicit functiorfi(x) has to eval-
second step is the voxelization of the resulting implicitdtion.  uate Eq. 2 for each corner point of each voxel. iLbe the total

number of constraints plus the linear and constant porf{ioans

the size of the matrix in Eq. 6) and letbe the total number of
5.1. Building and solving the linear system voxels of the resulting segmentation (the resolution ofsthg-

mentation can dier from the resolution in which the user has

Building the matrix given in Eq. 6 take® evaluations of the  drawn the contours). The number of operations necessary for
RBF given in Eq. 4, where is the size of the matrix that is 3 voxelization isO(nm) for the naive algorithm. This can be
given by the total number of constraints4 (because of the gptimized by calculating each corner value only once and not
linear and constant portions). This operation can easity anfor each voxel and by restricting the voxelization to a sfieci
efficiently be performed in parallel using multiple threads. Wegaxis-aligned bounding box around the contours. Unforelgat
useOpenMP for parallelization. the real bounding box is only given by the implicit functico,

Turk and O’Brien use an LU decomposition to solve Eq. 6,it is not known until all voxels have been evaluated.
which needs aboun® operations. Fortunately, because the We use a voxelization method basedsemface trackinghat
matrix in Eq. 6 is symmetric, a mordfieient algorithm devel-  generates the surface of the object given fify) with only
oped by Bunch and Kaufman can be used, which only takeg(ni) operations, wherenis the number of voxels on the
about$n® operations [35]. Th@unch-Kaufman algorithrhas  surface of the object in the final segmentation. The tracking
a complexity comparable to a Cholesky decomposition, but its based on a scheme similar to the marching cubes algorithm
is applicable to all symmetric matrices. The algorithm igibv  [36]. A similar algorithm has also been used by Wyl al.
able as part of the LAPACK (Linear Algebra PACKage) library, for representation and visualization of soft objects [3i]teal
which we use for solving the linear system. world examplesn™< m holds. Therefore, this method is much

There are dferent LAPACK implementations available. The faster compared to the brute-force approach. For example, o
basic implementatio€LAPACHK is a rather slow implementa- about 2.22% (metastasis) and 1.58% of the voxels (liver) are
tion, because it does not take advantage of modern CPU fedscated on the surfaces of the examples used in this paper (se
tures, such as multiple cores and 64-bit as well as vectouinis ~ Tab. 4). Another advantage is, that the voxelization timly on
tion sets like SSE (Streaming SIMD Extensions). Optimizeddepends on the number of surface voxels and thus, it is imdepe
implementations that are much faster compared to CLAPACKdent of the actual size of the image. For voxelization aisigrt
are available in thdntel Math Kernel Library(MKL)3, the  point is needed that is known to be located on the surface of
AMD Core Math Library(ACML)* and theAccelerate Frame- the object. This is true for each surface constraint. As a con
work® (only available on Mac OS X since 10.3). We have com-sequence, the voxel in which a contour’s first surface caimtr
pared the 64-bit versions of CLAPACK 3.0, ACML 4.3.0 and is located is used. If the starting point is not exactly ledat
MKL 10.2.2 using the Bunch-Kaufmann based solver for theon the surface, e.g., due to discretization or numericakiss
linear system. The function that implements this algorithmits neighboring voxels, i.e., all voxels in the 26-neigHimyd,
in double precision is calledsysvin LAPACK. A detailed are tested as well. Because the contours might define several
overview on the results is given in Sec. 7. objects, we need to use one starting point for each conteer (s
Fig. 5). If a starting point is already part of a voxelizedfaaoe,
it is rejected. Otherwise, the voxelization of the already-p

1OpenMP: http/openmp.org cessed surface would be repeated. We use the 6-neighborhood

iﬁ'}-{fﬁgK}/ngmﬁgi%;éﬁcﬁij " of each voxel for tracking the surface.

4ACMIL: h‘t)t.p: " develor.)er.ar‘n d.cofopyLibrariegacml Computatlon tlmgs can pe reduced by using multiple threads.

SAccelerate: httpideveloper.apple.coerformancgaccelerateframe-  IN OUr implementationf (x) is evaluated in parallel for each of
work.html the eight corners of a voxel when scanning the surface. Becau

5.2. Voxelization




Figure 7: Example for variational interpolation of a contafter reducing the
number of constraints: (a) before and (b) after insertingtamfal surface con-
straints (blue circles).

. , . geometry which reduces the number of constraints while pre-
Figure 6: Example of a contour before (thick yellow polygonjiafter reduc- . .
tion (thin black polygon) with a quality factor af = 0.2. The initial contour se_rvmg the overall shape _Of the Co_nt(_)ur' espemally_ onspart
consists of 256 points, the reduced one has 50 points. with high curvature (see Fig. 6). This is carried out in a pre-
processing step. As described by Latecki anddmager we use
_ two attributes to measure the influence of a contour poinhen t
two voxels share four corner pOIntS, these results are dache overall geometry [38] The ang'e between its adjacent edges

prevent redundant computations. Therefore, four or sbhef t znd the length of the adjacent edgésThese weights are given
corner values have already been evaluated when moving to thgg,;

next voxel and only two or four values have to be evaluated.

Because of this, the theoretical maximum speedup of outpara o _ 1(;_ (6 —¢i-1) - (G —0c) (8)
lelization strategy for the voxelization is between two &mat. : 2 llci = ci—alllICi+1 — Gill
As for building the linear system, we have used OpenMP for | lici = 1]l lIGis1 = Gill

the parallelization of the algorithm. wp = )

_ _ o lici = Cicall + llcise — cill”
The surface of the segmented object (or objects) is filled in ) .
a successive step usingean-line algorithnin x-direction for N contrast to Latecki and Laknper, we use the angle between

each row (y-coordinate) of each slice (z-coordinate). Beea (he€dgesgivenby_s, ¢ andc;,, for computation otv, which
start and end voxels for the scan-line are known by their genfi 1S — 8 when looking at_thf relevance measure used by the au-
uration (i.e., the values of the implicit function in eachmuer ~ thors. Moreover, we shii to [0, 1] such that collinear edges

of the voxel), f(x) does not have to be evaluated when filling get a weight of 0. The total weight; of a contour point is
the object. calculated by:

wi = W, (10)

5.3. Constraint reduction This way, high weights are assigned to contour points with a
high curvature and long adjacent edges, while low weigtds ar

For a segmentation algorithm that is based on variatioral inassigned to points with almost no curvature and short edges.
terpolation, the greatest impact on the overall computatioe Our reduction algorithm iteratively removes the pointshwit
of is given by the number of constraims The computational the lowest weightw; until a specific number of points is
complexity for finding the solution of the linear system has areached. This number is given by a quality factpe (0, 1]
complexity ofO(n®), while the voxelization i€)(nif). There-  multiplied by the initial number of points. l.e., using a tua
fore, using only half of the constraints (i.e., contour gejrde- ity of g = 0.5 removes about half of the points, whide= 0.2
creases the calculation time for solving the linear systgma b removes about 80% of the points. Because we do not want to
factor of 8. Also the voxelization would only take half as huc remove a contour completely, the reduction stops if less tha
time. Hence, a reduction of the number of contour points sigpoints are left.
nificantly decreases the overall calculation time. During this constraint reduction step, collinear poins aa-

In the context of object reconstruction from unorganizedplaced by one single line segment. Such contours are wsuall
point clouds, this step is typically referred to @anter reduc-  equal to the original contours. However, the surface defined
tion. Because there is no additional geometry information availthe reduced contours might befférent from the original sur-
able in this case, Caat al. suggest using a greedy algorithm to face, because of the loss of information, which can be seen in
iteratively fit an RBF to a subset from the given points within Fig. 7a. To solve this, we insert additional surface constisa
a desired fitting accuracy [13]. Fortunately, we have addél  on long line segments if the length of the segment is twice as
geometry information, because in our case the point clotgls along as the average length of all segments after the reductio
generated from contours. step. The constraints are inserted such that the lengtheof th

To achieve real-time calculation times, we remove contouresulting segments equals the average length (see Figlri¢b).
pointsc; that have no or almost no influence on the contours’stead of this postprocessing step, long line segments eduld
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Global Compactly supported
RBFs  RBFs

Storage o)  O(n)

Linear system building O(n?) O(nlogn)

Linear system solving O(n®)  O(n'®)

Evaluation per point ~ O(n) O(logn)

Effect of a single point  Global Local

@ (b)
Table 2: Complexity of dferent steps of the algorithm when using global RBFs
and RBFs with compact support according to Magsal. [19]. Figure 8: Example for variational interpolation of a selfeirsecting contour:
(a) before and (b) after normal correction.

ready be avoided in the reduction step using an adjustediveig
wj for each surface constraint.

5.4. Radial basis functions with compact support

Another approach for fast creation of an implicit surface of
a complex model from a point cloud acempactly supported
RBFsas described by Morst al. [19]. These RBFs allow a lo-
cal interpolation instead of a global one. In 3B%continuous

RBF with compact support is defined by @) (b)
(L-r)*4r+1) ,ifr<1 Figure 9: Example for a more complex self-intersecting cont@jrwith only
¢e(r) = 0 otherwis (11) the first point and the intersection points as starting gdiott surface tracking
’ € and (b) with 10 equally distributed points of the contour dditonal starting

. . . ) points.
with r = ||x — ¢|| being the distance of the evaluated pont

to the RBF'’s centec. The support radius of this RBF equals
1. Scaling this function, i.e., by calculating(t), allows any ~ 6.1. Handling self-intersecting contours

support radiugr. Normal constraints allow a better segmentation result, be-

Compactly supported RBFs result in a linear system with &ayse the surface interpolates the contours more acqu(etel
sparse matrix, which reduces both the memory and the compyz|| Sec. 4.1). The normal can be calculated according to
tational complexity for solving the linear system, as losdlee  Eq. 7, followed by a point-in-polygon test. However, forfsel
radius of support is small enough. Because the matrix is8par intersecting contours this test might not detect the ietetien
iterative methods canffeciently be used for solving the sys- properly, resulting in an incorrect surface as shown in Bay.
tem of equations. Table 2 gives an overview on the complexityys 5 solution, we calculate the normal constraint in a more ro
for different steps of the algorithm compared to global RBFs agst way.
used in the variational interpolation algorithm. Fdfi@ently By default we assume that the normal constraint is located
building the linear system and for affieient evaluation of the  ,tside the contour. To ensure this, we start the computatio
implicit function, a fast algorithm for finding all points #in o the normal using three points of the contour that are known
a given sphere is esse_ntial. In Computatiqnal geom_etryishis to be convex. This is true for the point with minimum x-, y-
known asrange searching A range searching carffgiently oy z_coordinate (depending on the plane in which the contour
by performed by using a spatial subdivision data struct®8®.[ s defined) and its adjacent points. Based on these minimum
Although it is not the mostféicient data structure in theory, points we calculate the normal according to Eq. 7. If this nor
a commonly used spatial subdivision algorithm is kiietree ) points inside the contour, we invert the sign of the ndrma
Other common spatial subdivision data structuresbaig oc-  Because a contour is an ordered set of points, we can now it-
trees bounding-volume-hierarchiemdR-trees eratively scan it, starting from its minimum point and cadce

For fast range searching we use a kD-Tree as well. Becaugge normal in each point while setting the sign accordindéo t
the voxelization is the bottleneck of our algor.|thm, we héve sign of the normal in the minimum point. This way all normals
cused our performance measurements on this step (see.)Sec.Fyoim outside, until two adjacent points are involved in k-se

intersection, i.e., until the line segment defined by thesetp
6. Making the segmentation more robust intersects one or more other line segments of the contour. If
the number of intersections with other line segments is aed,

Self-intersecting contours cannot always be handled comeed to invert the sign of this normal and all following notspa
rectly by the basic algorithm. Moreover, an interpolatidn o until the next self-intersection line segment is found.shay
the user-drawn contours is not always desired, because of imve don't have to split self-intersecting polygons, whicHas
accuracies that might occur, especially if the user is a@lbto ~ example necessary for active contour models or when recon-
draw in different views. structing the object in the surface-mesh domain [40, 5].



In addition to this normal calculation, we also need addaio Example t Build CLAPACK ACML MKL
starting points for the voxelization of the surface, beesile 1 061s 5251s 12.04s  9.92s
surfaces surrounded by such contours are not necessardy-co ~ Metastasis 2 0.32s - 7.37s 5.69s
ent. We use the voxels of 10 points from the self-intersgctin N = 6246 4 019 - 5045  3.555
contour as starting points. These points are equally diged i g'igz 5 51735 5i51353 s 2'1%135 T3s
over the contour. In addition, we use the voxels in which the . : : - .

. . - - . Liver 2 173s - 68.26s  55.68s
intersection pomts are located as additional startingtspbe- n= 13798 2 0965 - 24845 31595
cause these points are known to be located on a new surface, 8 0705 - 2118s  23.38s

apart from discretization and rounding errors. This way we
get a consistent surface even for self-intersecting cost@as
shown in Fig. 8b. Because of the additional equa”y distedu Table 3: Computation times for building and solving the linegstem de-

. . . . scribed in Eq. 6 using CLAPACK, the AMD Core Math Library (AQMand
starting points, even complex self-intersections are leahd the Intel Math Kernel Library (MKL) with a dferent number of threads (t).

properly (see Fig. 9). However, complex self-interseiare  The metastasis example is shown in Fig. 1, the liver exampleisrsin Fig. 2.
rather unusual in practice when segmenting biologicalaibje nis the size of the matrix (surface constraintaormal constraints- 4).

in medical image data but they can occur due to an inaccurate

drawing of contours along thin structures for example. Example t  Voxeization
Metastasis 1 4.41s
. . . . n = 6246 2 2.48s
6.2. From interpolation to approximation m= 1058508 4 519s
As the name indicates, variational interpolation isiater- fh = 23541 8 2.32s
polating algorithm, i.e., all surface and normal constraints are Liver ; 2‘5"[1185
included in the implicit function as given in the linear syst 2:_11%779&151 a 29'102
(see Eq. 6). Typically, this is intended because the usasar 1 169296 8 34 74s

contours shall be exactly included in the segmentation by th

algorithm. But in some cases, for example if the user draws

contradictory contours as shown in Fig. 15b, the intergalat Table 4: Computation times for v_oxelization of the implicit tm'!mn usin_g the

surfaces become degenerated in the sense that it is nothvehat tsurface tracking approach andfdrent numbers of threads (1).is the size of
d that th f h high . the matrix.mis the number of voxels of the corresponding dataset, whiie ~

US(.EI’ expepts and that the surface as.a 9 Curvfature In S_O'Tll\% number of voxels on the surface of the object.

points. This can be addressed by moving from an interpgatin

to anapproximatingcharacter, which is also known esgular-

ization The surface constraints are not necessarily part of thadinpl
As already discussed by some authors, an approximation catirface anymore because they are approximated instead of in
be achieved by replacing the elemegisin Eq. 6 byg; + 4;,  terpolated. This can be seen in Fig. 13, where the surface doe
with 4; > O being theregularization parameteor regulariza- ~ not always contain the contours. As a consequence, thengtart
tion strengthfor each constraint [14, 16]: point for surface tracking might not be on the surface asst ha

been defined in Sec. 5.2. In this case we need to look in the
26-neighborhood of the voxel associated with the startigtp

(pr1+A1 b2 - S 1 Ewi] [ for a voxel on the surface of the implicit function and usesit a
21 P2+ - Px 1 C Ci c|wa| [h2 starting point for surface tracking.
P P2 i+ A 1 o | [wi| = |hel. 7. Results
1 1 1 0 0 O Offpo 0
cx cy c 0 0 0 Of|lp 0 The results in Tab. 3 show that using an optimized LAPACK
é cg cE 0 0 0 Of|p 0 implementation has a significant impact on the time necgssar
c c cy 0 0 0 Oflpsl 1O for solving the linear system. All measurements were per-

(12)  formed on an 8-core system (2x Intel Xeon X5550 (2.66GHz),
Because we only add valued0 to the principal diagonal of the Turbo Boost and Hyper-Threading disabled, 12 GB RAM, Win-
matrix from Eq. 6, this matrix is still symmetric and poséiv dows 7 64-bit). Intel’s MKL has shown to be the fastest ligrar
semi-definite. The larget; is, the more the algorithm approxi- for our problem, at least on an Intel CPU. The ACML is much
mates theé-th constraint. The size and the unit of the regulariza-faster than CLAPACK as well and it might be even faster on
tion parameter correspond to the coordinates of the cantstra AMD CPUs.
In our case, these are given in millimeters. Best resultsbean  Measurements of the voxelization times are given in Tab. 4.
achieved if diferent regularization strengths are used for sur-The measurements only include the voxelization of the serfa
face and normal constraints. We found valuesai%fz 2 for  The time for filling the object is negligible< 1s). As expected,
surface anolliN = 20 for normal constraints a good compromise our parallelization strategy for the voxelization has itaxin
between segmentation accuracy and regularization strengt mum speedup when using four threads. The maximum speedup
our examples. is about 2.21. Using more threads slows down the computation



Figure 10: Example for reducing the number of constraintssifajvs the orig-
inal contours and the result of the interpolation using 284® constraints, (b)
shows the result after reduction wigh= 0.2 resulting in 1390 constraints. The
resulting masks are visually identical.

Figure 11: Diferences in the segmentation result for the liver example when
usingg = 1 (thick light blue contour) and = 0.1 (thin dark blue contour). Here
the maximum distance between the surfaces is large (aboutxklsydecause

of a reconstruction issue due to using orthogonal contadashed yellow).
The result using less contour points (i.e., with= 0.1) is the more accurate
because the overhead for handling the threads is largetilan segmentation.

speedup of the parallel computation as typically only two or

four threads are involved in computations. This is due to the Example Global Radius  Compactly supported
fact that the function values at four or six corners of thealox RBFs RBFs
have already been computed during the surface tracking. - 10mm  0.73s

Metastasis ) g5 >0mm  1.40s

However, the results in Tab. 3 and 4 show, that the algorithm n = 6246
does not allow real-time response in an interactive segament
. . . . . . 30mm 12.45s
tion process. Especially in the liver example the segmiemtat  Liver 28.95s E0mm 20585
algorithm is far too slow even with the fastest LAPACK lioyar ~ n=13798 ' Z0mm  34.82s
and with parallel voxelization.

Using a proper reduction of the number of constraints yields
a significant speedup in both solving the linear system anaa_ble_G: Voxelizqtion times with 4 threads using compactlypsufed RBFs
the voxelization, while resulting in an almost similar caér }/_\nth_ dlfferent_ radii (_:ompared tq global RBFs fpe 1. A kD-tree was used for

: i ’ . inding all points within the radius of support.

quality of the segmentation as shown in Tab. 5 and Fig. 10.
Calculation times for this preprocessing are negligikée 1s)
compared to the overall computations and are not included in The strength of reduction, i.e., the value qpfdepends on
Tab. 5. The maximum distance between the surface of inithe actual segmentation task and on the demand for real-time
tial segmentation (i.e., witly = 1.0) and the surface with response during the segmentation process. It is a trid®eo
g = 0.1 corresponds to 2.6% of the maximum diameter fortween reconstruction accuracy and overall calculatiom tiin
the metastasis example (which has a maximum diameter afur tests we found a quality of ® < q < 0.5 can be used in
100.8mm) and to 3.3% for the liver example (which has amost real-world examples without a losssnbjectivesegmen-
maximum diameter of 228.643mm). The size of one voxelation accuracy.
is (1.086mm 1.086mm 1.0mn) in the metastasis example and  Results using compactly supported RBFs are shown in
(0.66mm 0.66mm 2.0mm) in the liver example, so the maxi- Fig. 12 and Tab. 6. These results suggest that this class of
mum distance in Tab. 5 corresponds to about 2.45 voxels foRBFs is not suitable for solving our segmentation task. The
the metastasis and about 11.31 voxels for the liver. Theslargmain reason for this is, that the constraints generated them
maximum distance in the liver example results from an incoruser-drawn contours are rather sparse and thus, a largesradi
rect reconstruction due to the use of orthogonal contows (s of support is necessary to generate proper results, which re
Fig. 11). Therefore, the bad results for the maximum distancduces the theoretical performance of the algorithm siganifiy
do not reflect a loss in segmentation quality. in terms memory consumption, calculation times and segmen-

Our measurements show that a real-time response can letion quality. Moreover, the objects are not filled coredt
achieved for small objects, which allows an interactivexseg-  the radius is too small, becau$é) might evaluate to zero for
tation. It has also shown that in our current implementatii@n  points inside the object if their distance to the surfaceéater
voxelization is the main limiting part of the segmentatidn a than the radius of support. Therefore, a strategy for an-auto
gorithm, which is the reason why the algorithm is not interac matic calculation of the support radius depending on the aiz
tive for large objects. Solving the linear system is alretay  the object and the density of the constraints is necessaw- H
enough, although it has a computational complexitPai®). ever, when using a proper radius, the voxelization stepés ev

30mm 2.06s




Example q n Time Volumeoverlap Maximum Voxel with
surfacedistance surfacedistance> 0

1.0 6246 3.05/2.19 /5.34s 100% 0.0mm 0
Metastasis 0.5 3552 0.71/1.25 /2.02s 99.94% 1.09mm 98
0.2 1390 0.08/0.57 /0.69s 99.32% 1.09mm 1030
0.1 708 0.02/0.39 /0.43s 97.35% 2.63mm 4038
1.0 13798 24.129.1053.64s 100% 0.0mm 0
Liver 0.5 7892 5.31/18.6924.18s  99.50% 2.75mm 8916
0.2 3152 0.55/7.66 /8.33s 98.72% 7.08mm 22770
0.1 1580 0.11/4.49 /4.71s 97.70% 7.54mm 41012

Table 5: Computation times (linear system building and sglyiwoxelization/ overall) and segmentation accuracy foffelient quality settingg. nis the size of
the resulting matrix. For all measurements the MKL with 8 theeadd the voxelization with 4 threads were used. Volume guddaccard index and surface
distance are given relative to the interpolation resulbwit= 1. The overlap is calculated by the number of intersectinglgodivided by the number of voxels in
the union of two segmentations. The minimum surface distaneeOwan for all cases.

Figure 13: Comparison between interpolation and approxanatith different
regularization strengths for the liver example: (a) intéaifon, (b) approxi-
mation with 4% = 2 andAM = 20 and (c) approximation with® = 50 and
/li"‘ = 100. The arrows indicate the mairfidrences of the resulting segmenta-
tions.

Figure 12: Results using RBFs with compact support dfedent radii (in-
dicated by the black circle) fo = 1: (a) Metastasis witr = 10mm, (b) 8. Evaluation
a = 20mm and (cy = 30mm. (d) Liver withe = 30mm, (e)a = 50mm and

(f) @ = 70mm. Using a smaller radius, the surface becomes more “bumpy”. . .
Only (c) and (f) have been filled correctly by the voxelizatioThe arrows For evaluation of our algorithm, we have developed a tool

indicate some main fierences of the resulting segmentations. using MeVisLaB§ that allows a slice-wise manual segmenta-
tion in axial view, a segmentation using variational int#ep
tion with only parallel axial contours and a segmentation us
ing variational interpolation with contours in axial, stigji and
coronal orientation. Figure 14 shows this tool. Our evadumat

tool measures the time that is necessary for segmentatibn an

slower for our segmentation problems vyhen using RBFs Witl’lt tracks the number of contours that are needed. Moreover,
compact support compared to the global interpolation apgro it allows to rate the segmentation quality and the segmientat

time on a scale between 1 and 5, with 1 being “bad” and 5 being
As shown in the examples in Fig. 13, the robustness ofperfect”.

the segmentation algorithm can further be improved by mov- Our algorithm was evaluated by two experienced radiology
ing from an interpolating to an approximating reconstutti technicians on 15 liver metastases offelient size (ranging
scheme. By using approximation instead of interpolatiom-c  from 0.05ml to 53.26ml) and complexity and 1 liver. The PC
tradictory user-drawn contours and contours with high aurv used for evaluation was a Windows 7 64-bit system with ar Inte
ture can be segmented more robustly for instance. Therefor€ore 2 Duo E6850 (3.0GHz) and 8GB RAM. Thus, only two
approximation generates better segmentations than oiterp threads were used for computation. For contouring, a touch-
tion in our opinion. Because we only add constants to the elescreen display with a pencil-like input device was used. The
ments on the principal diagonal of the matrix in Eq. 12, tlis a quality factor for constraint reduction was sefte: 0.2, while
proach does notffect the time necessary for solving the linear the regularization strengths were setxlﬁ)= 2 and/liN = 20.
system. Because with approximation a little less voxelsare
the surface of the segmentation, the voxelization timaghsy
reduced in practice. 6MeVisLab: http/mwww.mevislab.de
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Manual Variational interpolation Variational interpolation

(axial) (axial) (axial, sagittal, coronal)
Time 111.4s 64.2s 70.5s
Number of contours 20.6 7.1 5.2
Number of steps 29.3 8.2 5.4
uality ratin 4.9 3.8 4.0
Metastases 'I(?ime r);ting : 38 40 a1
Overlap to manual segmentation 100% 75.77% 71.54%
Maximum surface distance 0 2.94mm 3.69mm
Number of voxels with distance 0 0 2313 3340
Time 1272.5s 665s 734.5s
Number of contours 106 22 20.5
Number of steps 148.5 32 25
. Quality rating 5 3 45
Liver Time rating 25 35 45
Overlap to manual segmentation 100% 93.98% 92.68%
Maximum surface distance 0 9.37mm 10.12mm
Number of voxels with distance 0 0 105101 128250

Table 7: Results of the evaluation of our algorithm for segtaéon of 15 liver metastases and 1 liver by 2 experiencedlagly technicians. All results are given
as average over all cases and participants. The overlapistadce measures are given relative to the manual segmentation

Manual | Variati i fati i Settings |

o T ‘ as manually drawing contours. Unfortunately, the segmenta
. tion quality has been rated slightly worse compared manual
segmentations. This also corresponds with the accuracyrof o
segmentation algorithm in terms of the volume overlap aed th
maximum surface distance compared to the manual segmenta-
tions. By using orthogonal contours instead of only pafalle

: axial contours, the number of contours necessary for segmen
JESE s = e tion can further be reduced, although the overall segmientat

Num. Steps: 5
Num. CS0s: 3

Case Time: 62 s

Save

e ceerion s R time increases, probably due to the more time intensive task
S m of looking at diferent views. The benefit of using contours in
- o coor oo different views was emphasized by the radiology technicians
e in particular for sphere-shaped structures. For objects wi

——

more complex and irregular shape, drawing contours fifedi
ent views was assessed as rather counterproductive.
[ o1 Save and Continue| ABAHEA Although we have not yet compared our algorithm to more
e S ONOR e LT G128 advanced contour-based semi-automatic segmentation algo
rithms like live-wire, we expect a speedup in the segmenta-
Figure 14: The tool used for evaluation of our algorithm. Tieerdrawn  tion time that is comparable to the speedup measured for pure
contours are shown in yellow. The surface of the interpdiaegmentation manual segmentations, because variational interpolatiarbe
is shown in blue. . . .
combined with such approaches as well. However, it would be
interesting to compare variational interpolation with toenbi-

Table 7 gives an overview on the results of our evaluation. AM&tion of live-wire and a shape-based interpolation asestgd
step refers to drawing, deleting or editing a contour. by Schenlet al. [31].

Our evaluation shows that using variational interpolattbe
segmentation times can be reduced by a factor of about 2. Cong- Discussion and future work
pared to the number of contours used for the manual segmenta-
tions, only one fifth to one third of the contours are necgssar As shown in the examples, variational interpolation allows
when using our interpolation algorithm, depending on thge se a smooth segmentation of objects in medical images from a
mentation task. The fact that the segmentation takes oily hasparse set of contours (see Fig. 1 and Fig. 2). The algorithm
as long although about one fourth of the contours are negessais computationally expensive and needs much men@¢g?)),
can be explained by the time the variational interpolatieads because it is a global interpolation. Therefore, the nunaber
for computation and by the interactive process. This po@s constraints is limited by the available memory. Moreoveme
quires an assessment of the current segmentation resuh@nd putation times are slow for a large number of constraintss Th
user might need to correct or even delete already drawn corcan be solved by reducing the constraints resulting in cempu
tours. The assessment is known to take almost as much timation times that allow a real-time response for segmenmatf
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Direct Fast multipole
Storage o)  O(n)
Setup - O(nlogn)
Linear system solving O(n®)  O(nlogn)
Evaluation per point  O(n) 0(1)

Table 8: Complexity of dterent steps of the algorithm when using the direct
method and the fast multipole method according to @aal. [13].

Figure 16: Erroneous reconstruction of an object with highvature with an
insufficient number of constraints because of parallel contoutslast overlap
and low distance. The example was taken from a 3D microscopgelat

(b)

Figure 15: Limitations of our algorithm: (a) 2D normal consttaiusing inter-
polation (which can be seen at the uneven silhouette), fityadictory contour
(red) in the liver example and (c) a square-shaped contongleierpolated to
a sphere.

Figure 17: Example for cutting out a part of the segmentatioarelthe algo-
rithm fails because of its single-contour-based normalutation: (a) result of

small objects like a tumor in an interactive segmentatiam pr °U" @90rithm and (b) the expected resuit.

cess. However, in our current implementation and for latge o

jects like the liver, the voxelization becomes the bottrefter L I Sec. 6.2 d d handii
constraint reduction and the algorithm does no longer alow prOX|mat|0r_1 aswe (see €c. ©. ), a more advance nandiing
real-time response. like an additional preprocessing step that solves suchmgise

h . . . tencies or user-guidance during contour-drawing, is d&den
Our goal is to allow an interactive segmentation even for,

large objects like the liver. Therefore, future work willcias for co.ns.|stent.results acc ording to the expectations otitee.

) o . ; We will investigate this in the future. Furthermore, theueg
on reducing the voxelization times by using an improvedlpara, - " . S
lelization strategy. We will also evaluate, whether GP\3dzh larization parameters of the approximation need to be éurth
. . - Lo - evaluated. For example, it might be advantageous to compute
implementations can improve computation times signifigant L N )
For further imoroving the performance and reducing the mema” individual regularization strength for each constramsed

P 9 pert . Heing | on a contours shape or complexity.

ory consumption of the algorithm we will also investigate th ) o
fast multipole methogvhich has been suggested by Caral. A conceptual drawback of the smooth interpolation is that th
[13]. The fast multipole method allows solving the variatib resulting .surface does not alway_s quk like how the user doul
interpolation problem with reduced complexity in both tiee r €XPect it if the number of constraints is too low. .For example_
quired memory and the calculation time (see Tab. 8). Becausguare-shaped contour that is only defined by its cornettpoin
this method can be seen as a global reconstruction approat¥f!l b€ interpolated to a sphere using the presented algurit
it does not have the drawbacks of compactly supported RBF$S€€ Fig. 15¢). For objects with high curvature the recomstr

Therefore, it should be better suited for solving our 3D segm  tion might fail, if the surface is sampled too sparse, i.éthwot
tation problem. enough contours. This can also be the case if parallel coatou

The presented algorithm still has some limitations concern'® close the each other and the overlap between the coigours

ing the segmentation quality. Normal constraints are aiye OW- Figure 16 shows such a situation.

computed based on a single contour, i.e., in 2D. But neighbor Because of the way how normal constraints are computed,
ing contours influence the normal of the surface as well (se&hich is done per contour (see Sec. 4.1), itis not possibteto
Fig. 15a). This can be slightly compensated when using ap?ut an inner part of an object as shown in Fig. 17 because the
proximation instead of interpolation. Another issue arete  reconstruction algorithm has no information on what shded
dictory contours, i.e., contours that defin€elient surfaces, al- included into the segmentation and what should be excluded.
though they should be located on the same surface. This can Astead, this needs to be solved on the interface level, so th
particular happen for non-parallel contours like in thetiex- ~ User has the possibility to explicitly define parts that stidne
ample, as shown in Fig. 15b (the figure shows the same part ¢¢moved from the segmentation.

the liver segmentation that is shown in the bottom row of Eg&). Finally, we think of combining the reconstruction algonith

but from another point of view). A similar example that resul with image information to allow more accurate segmentation
from a combination of both of these issues has already beesmg., by image-adaptive RBFs described by Mory and Ardon
shown in Fig. 11. Although this can be compensated by an ag30].
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10. Conclusion

Function Constraint reduction

Variational interpolation allows an accurate and robusbne

contours that can be arbitrarily oriented in 3D space. Aaigf
generated using variational interpolation is smooth,gtiaran-
teed that all used contour points are part of the surfacetsnd t
resulting surface is plausibly extrapolated into regiohgre no
contours have been drawn. Thus, the algorithm is well suited
for supporting the segmentation of objects in medical insage
in a contour-based workflow. Because it is independent of im-
age information, the algorithm can be used for any 3D mogdalit
(e.g., CT, MRI, 3D US) and it can also be used for segmenta-
tion of objects with no contrast to the background. In additi
the interpolation can easily be extended to more dimensions
which would allow an interpolation of an object over several
time points as well for example.

Data: Contours, quality factor

' i - Result: Contours
struction of the surface of an object defined by a set of planar foreach User drawn contour Cdo

foreach Contour pointc; do

end

end

Compute weightv;;

while #points exceeds quality factordp

end

end

Remove point with lowest weight;
Update weights of the adjacent points;

Compute average line segment length;
foreach Line segmentlo

if Length> 2x average lengttihen
\ Insert additional points;
end

Although the algorithm is time and memory consuming, cal-
culation times can be significantly decreased using modern

CPU features and a reduction of the number of constraints. BE Fynction Variational interpolation

cause segmentation is done using contours, a fast and rebust

contour. This way, the éierences in the interpolated results
are visually not distinguishable from the result using alh¢
tour points. As a result, the algorithm allows a real-time re
sponse for small objects, which enables an interactive eagm
tation process. Using approximation instead of interpahat
improves the robustness of the segmentation algorithmen th
liver example while it does not increase calculation times.

The local interpolation scheme, which uses RBFs with com-
pact support, is not suitable for the presented segmentatio
problems, because the constraints generated from the user-
drawn contours are too sparse and thus the radius of support
needs to be too large.

Our evaluation has shown that using variational interpartat

> Data: Contours

duction strategy can be used, that preservers the shapetof ea goqit: Implicit function, starting points

foreach User drawn contour Cdo

Find point with minimum x-, y- or z-coordinate;
Initialize sign for normal;

foreach Contour pointc® starting from minimum pointio

end

Check adjacent line segment for self-intersections;
if Number of self-intersections is odlaen
\ Invert sign for normal;
end
Compute normath; and normal constrairq’\‘;

Build matrix for Eq. 6 in parallel;
Solve Eq. 6 using LAPACK to gett(x);

can reduce segmentation times by a factor of about 2. We as-

sume that this factor increases as the user gets more famllldFunCtion Voxelization

with the segmentation tool and, especially for large olsjékée
the liver, as the algorithm itself becomes faster.
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Appendix A. Algorithm overview

Algorithm 1. Segmentation using variational interpolation
Data: Contours, quality factor, reference image
Result: Segmentation
Perform constraint reduction;
Perform variational interpolation;
Perform voxelization;

Data: Implicit function, starting points, reference image
Result: Segmentation

foreach Starting pointdo

Evaluatef (x) at each corner point;

if Voxel of starting point is not on surface ofxj then

end

end

end

Check voxels in 26-neighborhood;

if Starting voxel is not on any already voxelized surfdea

end

repeat
Evaluatef (x) at each corner of the voxel in parallel
(= configuration);
Move to next voxel in 6-neighborhood depending on
the configuration;

until Surface is voxelized

foreach Slice of the resulting imaggo

foreach Row of the slicelo

end

Fill surface;

13



References

(1]

(2]

(3]

(4

(5]

(6]

(7]

(8]

El

(20]

(11]

(12]

(23]

[14]

(15]

[16]

(17]

(18]

(19]

(20]

[21]

Hahn, H.K., Peitgen, H.O.. IWT - interactive watersheahsform: A [22]
hierarchical method forficient interactive and automated segmentation [23)
of multidimensional gray-scale images. In: Sonka, M., Fitdpkt J.M.,

editors. SPIE Medical Imaging: Image Processing; vol. 5082ES2003,
p. 643-653. doi:10.11}172.481097.

Grady, L.. Random walks for image segmentation. IEEE Taatisns
on Pattern Analysis and Machine Intelligence 2006;28(I7H8—1783.
doi:10.1109TPAMI.2006.233.

Cohen, L.D.. On active contour models and balloons. C\.Gifage

Understanding 1991;53:211-218. doi:10.14089-9660(91)90028-N.
Barrett, W.A., Mortensen, E.N.. Interactive live-wib®undary extrac-
tion. Medical Image Analysis 1997;1:331-341.

Bredno, J., Lehmann, T.M., Spitzer, K.. A general diserebntour
model in two, three, and four dimensions for topology-ada&ptiwlti-

channel segmentation. IEEE Transactions on Pattern Asadysl Ma-
chine Intelligence 2003;25:550-563. doi:10.1/A0%AMI.2003.1195990.
Mclnerney,  T.. SketchSnakes:  Sketch-line initializeshakes
for efficient interactive medical image segmentation. Computer- [27]

(24]

[25]

(26]

ized Medical Imaging and Graphics 2008;32(5):331-352. doi:
10.1016j.compmedimag.2007.11.004.

Turk, G., Dinh, H.Q., O'Brien, J., Yngve, G.. Implicit sur

faces that interpolate. In: International Conference oapghModel- [28]
ing and Applications. IEEE Computer Society; 2001, p. 62—#bi:
10.1109SMA.2001.923376.

Raya, S.P., Udupa, J.K.. Shape-based interpolation dtfdimensional [29]

objects. |IEEE Transactions on Medical Imaging 1990;9(1)422 doi:
10.110942.52980.

Olabarriaga, S.D., Smeulders, A.W.M.. Interaction i #egmentation
of medical images: A survey. Medical Image Analysis 2001;5:112/2.
Preim, B., Dachselt, R.. Interaktive Systeme 1: Gruneltagraph-
ical User Interfaces, Informationsvisualisierung, Mobllgeraktion.
Springer; 2 ed.; 2010.

Turk, G., O'Brien, J.F.. Shape transformation usingatiwnal implicit
functions. In: ACM SIGGRAPH. ACM. ISBN 0-201-48560-5; 1999
335-342. doi:10.114811535.311580.

Turk, G., O'Brien, J.F.. Modelling with implicit surfas that in-
terpolate. ACM Transactions on Graphics 2002;21(4):833-8doi:
10.1148571647.571650.

Carr, J.C., Beatson, R.K., Cherrie, J.B., Mitchell J.TFright, W.R.,
McCallum, B.C., et al. Reconstruction and representatiaddlpbbjects
with radial basis functions. In: ACM SIGGRAPH. ACM. ISBN B513-
374-X; 2001, p. 67-76. doi:10.11/883259.383266.

Dinh, H.Q., Turk, G., Slabaugh, G.. Reconstructingaces by volu-
metric regularization using radial basis functions. |IEEBRBactions on
Pattern Analysis and Machine Intelligence 2002;24(1®8t3.371. doi:
10.1109TPAMI.2002.1039207.

Carr, J.C., Beatson, R.K., McCallum, B.C., Fright, W.RcLennan,
T.J., Mitchell, T.J.. Smooth surface reconstruction frorisypoange data.
In: International conference on Computer graphics andawtae tech-
niques in Australasia and South East Asia. ACM. ISBN 1-58318-5;
2003, p. 119-126. doi:10.11404471.604495.

Yngve, G., Turk, G.. Robust creation of implicit surfadeom polygo-
nal meshes. IEEE Transactions on Vizualization and Computapitcs
2002;8(4):346-359.

Ohtake, Y., Belyaev, A., Seidel, H.P.. 3D scatterecadaterpolation
and approximation with multilevel compactly supported RBFsaghical
Models 2005;67(3):150-165. doi:10.1¢{1émod.2004.06.003. Special
Issue on SMI 2003.

Walder, C., Sctilkopf, B., Chapelle, O.. Implicit surface modelling with
a globally regularised basis of compact support. In: Comp@taphics
Forum (Proceedings of Eurographics). Eurographics Assiodi; 2006,
p. 635-644.

Morse, B.S., Yoo, T.S., Rheingans, P., Chen, D.T., 8manian, K.R..
Interpolating implicit surfaces from scattered surfaceadasing com-
pactly supported radial basis functions. In: ACM SIGGRAPbUGeS.
ACM; 2005, p. 78-87. doi:10.114B5198555.1198645.

SuBmuth, J., Meyer, Q., Greiner, G.. Surface reconstructased on
hierarchical floating radial basis functions. Computer Giep Forum
2010;29(6):1854-1864. doi:10.1]11467-8659.2010.01653.x.

(30]

[31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

[40]

14

Rohr, K.. Landmark-Based Image Analysis: Using Geometnid In-
tensity Models. Springer Netherlands; 2001. ISBN 07923675
Modersitzki, J.. Numerical Methods for Image Registrati Oxford
University Press; 2003.

Morse, B., Liu, W, Yoo, T., Subramanian, K.. Active conts using
a constraint-based implicit representation. In: IEEE Caerfee on Com-
puter Vision and Pattern Recognition; vol. 1. IEEE Computeci&y;
2005, p. 285-292. doi:10.11@VPR.2005.59.

Slabaugh, G., Dinh, Q., Unal, G.. A variational appio&ec the evo-
lution of radial basis functions for image segmentation. EBEE Con-
ference on Computer Vision and Pattern Recognition. IEEE Qoenp
Society; 2007, p. 1-8. doi:10.11@VPR.2007.383013.

Freedman, D., Radke, R., Zhang, T., Jeong, Y., Loveldok, Chen,
G.. Model-based segmentation of medical imagery by matchirtg-dis
butions. IEEE Transactions on Medical Imaging 2005;24&):292.
doi:10.1109TMI.2004.841228.

Gelas, A., Bernard, O., Friboulet, D., Prost, R.. Contlyasup-
ported radial basis functions based collocation methoddieeliset evo-
lution in image segmentation. IEEE Transactions on Image Bsiug
2007;16(7):1873-1887. doi:10.110%P.2007.898969.

Wimmer, A., Soza, G., Hornegger, J.. Two-stage semi-auiicroggan
segmentation framework using radial basis functions and ksis. In:
3D Segmentation in The Clinic: A Grand Challenge, MICCAI Waikp.
Springer; 2007, p. 179-188.

Carr, J.C., Fright, W.R., Beatson, R.K.. Surface iptéation with
radial basis functions for medical imaging. IEEE Transactionm Medical
Imaging 1997;16:96-107.

Masutani, Y.. RBF-based representation of volumetetad Applica-
tion in visualization and segmentation. In: Dohi, T., Kileni R., ed-
itors. International Conference on Medical Image Computing @om-
puter Assisted Intervention; vol. 2489 bécture Notes in Computer Sci-
ence Springer Berliry Heidelberg; 2002, p. 300-307. doi:10.10®540-
45787-938.

Mory, B., Ardon, R., Yezzi, A., Thiran, J.P.. Non-ewian image-
adaptive radial basis functions for 3D interactive segntemtaln: IEEE
International Conference on Computer Vision. IEEE Computaiy;
2009, p. 787-794. doi:10.110€CV.2009.5459245.

Schenk, A., Prause, G.P.M., Peitgen, H.Offident semiautomatic
segmentation of 3D objects in medical images. In: InternatiGoafer-
ence on Medical Image Computing and Computer Assisted Intéoven
Springer-Verlag. ISBN 3-540-41189-5; 2000, p. 186-195.

de Bruin, P.W.,, Dercksen, V.J., Post, F.H., VossepdeM., Streekstra,
G.J., Vos, F.M.. Interactive 3D segmentation using conmeatthogonal
contours. Computers in Biology and Medicine 2005;35(4):32%. doi:
10.1016j.compbiomed.2004.02.006.

Liu, L., Bajaj, C., Deasy, J.O., Low, D.A., Ju, T.. Swéreconstruc-
tion from non-parallel curve networks. In: Computer Graphiorum
(Proceedings of Eurographics); vol. 27. Eurographics gisgion; 2008,
p. 155-163.

Haines, E.. Graphics Gems IV, chap. Point in Polygont8tias. Aca-
demic Press, Inc.; 1994, p. 24-48.

Bunch, J.R., Kaufman, L., Parlett, B.N.. Decompositiba symmetric
matrix. Numerische Mathematik 1976;27:95-109.

Newman, T.S.,Yi, H.. A survey of the marching cubes algpon. Com-
puters & Graphics 2006;30(5):854—-879. doi:10.1Qt&g.2006.07.021.
Wyvill, G., McPheeters, C., Wyvill, B.. Data structufer sof objects.
The Visual Computer 1986;2:227—-234. doi:10.1/8BH01900346.
Latecki, L.J., Lalkmper, R.. Convexity rule for shape decomposition
based on discrete contour evolution. Computer Vision and énagder-
standing 1999;73:441-454.

] Goodman, J.E., O'Rourke, J., editors. Handbook of Ritgcand Com-

putational Geometry. Chapman & Hall; 2 ed.; 2004.

Horritt, M.S.. A statistical active contour model for 8Aimage seg-
mentation. Image and Vision Computing 1999;17(3-4):213-2@di:
10.1016S0262-8856(98)00101-2.



