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Abstract: In this work, edge sets are mapped one to the other by representing these zero arediffateamages
which have positive measure supports that can be registered elastically. The driving application for this work
is to map a Purkinje fiber network in the epicardium of one heart to the epicardium of another heart. The
approach is to register sufficiently accurate diffuse surface representations of two epicardia and then to apply
the resulting transformation to the points of the Purkinje fiber network. To create a diffuse image from a given
edge set, a region growing method is used to approximate diffusion of brightness from an edge set to a given
point. To be minimized is the sum of squared differences of the registered diffuse images along with a linear
elastic penalty for the registration. A Newton iteration is employed to solve the optimality system, and the
degree of diffusion is larger in initial iterations while smaller in later iterations so that a desired local minimum
is selected by means of vanishing diffusion. Favorable results are shown for registering highly detailed rabbit
heart models.

1 INTRODUCTION chronicity entails an impairment of the heart's ability
to pump blood, which, ultimately, may even lead to
The heart is an electrically controlled mechanical sudden cardiac death.
pump. It's main function is to drive blood through Despite recent advances, PS activity at the or-
the circulatory system, thus providing oxygen and gan level cannot be observed directly with currently
metabolites to the organs. A well coordinated elec- available experimental modalities. Computer models
trical activation sequence is of vital importance for quite naturally suggestthemselves as a surrogate tech-
allowing an energy-efficient mechanical contraction. nique to bridge the gap between experimental obser-
In the ventricles, the main pumping chambers of the vations, typically recorded at the epicardial surface of
heart, the electrical impulse is conducted first via the heart, and electrical events occurring within the
the specialized conduction system, referred to as thePS, at the ventricular epicardium or within the depth
Purkinje system (PS). of ventricular walls. Despite major recent advance-
The PS is a highly ramified network of thin cable- ments in modeling technology (Prassl et al., 2009;
like 1D structures which synchronizes ventricular ac- Plank et al., 2009), integrating topologically realistic
tivation by quickly distributing the electrical impulse models of the PS with anatomically and functionally
to the endocardium, i.e. the surfaces of the ventric- realistic models of the ventricles remains to be chal-
ular cavities. The PS is electrically isolated from lenging. Owing to the physiological importance of
the ventricles except at discrete endpoints (Purkinje- the PS it is highly desirable to include the PS in com-
myocardial junctions) (Tranum-Jensen et al., 1991). putational models.
Transmission of the electrical signals at these discrete  The purpose of the present work was to develop
junctional sites, referred to as Purkinje ventricular a mathematical framework which enables the map-
junctions (PVJ) is essential to excite the ventricular ping of the endocardial PS between different ven-
mass (Huelsing et al., 1998). A loss of electrical syn- tricular surface geometries. In the absence of ex-
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perimental data, a literature-based PS (Vigmond andtial energy has been used by many authors to reg-
Clements, 2007), constructed for the San Diego rabbit ularize image registration; see, e.g., (Peckar et al.,
heart model (Vetter and McCulloch, 1998), served as 1999), (Keeling and Ring, 2005) and particularly the
reference topology. A recent anatomically highly re- review in (Modersitzki, 2004). Such regularization
alistic model of rabbit ventricles (Bishop et al., 2010) is particularly natural when used to register images
served as a target for developing and testing the map-of tissues having undergone relatively small displace-
ping technique. Both models are shown in Figure 4.1. ments. However, in the present context, the required
We first seek a geometric transformation to match displacement field is highly nonlinear, owing partly
the template heart model to a given reference model.to the complex geometry of the heart and partly to the
In the context of mathematical image processing this great difference in regularity of the two given edge
can be seen as 3D registration problem. Once thesets. Nevertheless elastic registration is employed
transformation is found it can be applied to map struc- here, but with considerable precautions.
tures (like the PS) within the template model onto the In addition to regularization, a notion of image
reference model. This approach guarantees that notsimilarity must be selected for the image registration
only topological features of the PS but also its relative problem at hand. Assuming thdti};_,, C L%(Q)
position to the ventricle are preserved and projected one of the simplest distance measures (see for in-
onto the reference heart. stance (Fitzpatrick et al., 2000)) is the sum of squared
Given the sheer size of the models considered intensity differences (SSID) which in this case is
here it would require a massive computational ef- given by
fort to calculate only simple transformations. Hence 1 5
we developed a method that is capable of comput- Q/Q [lo(X+w) — I1(x)[*dx. (2.1)
ing even highly non-linear transformations in a rea- [ ’ . ]
sonable time while requiring only moderate compu- However, in this form the approach is not feasible
tational resources. We performed a dimensional re- for the problem: boti"o and 'y are null sets but
duction of the problem by treating the 3D models as SUPRIi) =T for i = 0,1. Hence the trivial defor-
sequence of 2D edges. This strategy reduces mem-Jnationw = 0 minimizes (2.1). Another in the con-
ory consumption considerably while simultaneously Xt of edges perhaps more natural approach to mea-
allowing us to use very efficient techniques to solve Sure difference is employing the Hausdorff-distance

the occurring 2D registration problems. which is a popular tool in computer graphics and im-
age processing and mainly used for shape recognition

problems: In (Knauer et al., 2009) a method for mini-

mizing the Hausdorff-distance under translations and
2 EDGESASBINARY IMAGES rigid motions is developed. Though the proposed al-

gorithm is efficient it is limited to rigid transforma-
We consider slices arising from cuts through (a) a re- tions. In (Fuchs et al., 2009) an elastic deformation
alistic model of rabbit ventricles (Bishop et al., 2010) distance in a shape space is introduced. However, cal-
and (b) the San Diego rabbit heart (Vetter and McCul- culating the shortest path between shapes proved to
loch, 1998). Thus we have two-dimensional edge-setsbe computationally expensive. Another work (Droske
o andl"y and we assume that both edge-sets haveand Ring, 2006) developed a regularized shape gra-
finite Hausdorff-measure/*(T'j) < o for i = 0,1. dient descent algorithm within a level-set framework
Let Q := [1,N]?2 c R? with N € N and letlp and|; for simultaneous registration and segmentation. How-
be the characteristic functions 6§ andl'; respec-  ever, the present problem still lacks sufficient struc-
tively. Thenlp andl1 can be interpreted as binary ture to be treated directly by such approaches.
images oM. The goal now is to find a displacement We present here a technique that combines the

w : R? — R2? such thatlg(x +w(x)) ~ I1(x) for all simplicity of the SSID-measure (2.1) with the accu-
x € Q. For the sake of brevity the argumentwfis racy of the Hausdorff-distance. Instead of looking at
omitted in the following. lp andl; directly we consider approximations of edge-

One approach to the computation of the desired sets by diffuse regions in images (a similar approach
displacement is to treat points @iy as if connected is presented in (Yang et al., 2008)). Note that this
to one another by elastic springs which are perturbed strategy is also employed by Ambrosio and Tortorelli
minimally to meet the target sét;. However, be- (Ambrosio and Tortorelli, 1990) in their approxima-
cause of the potentially very high computational com- tion of the Mumford-Shah functional (Mumford and
plexity of such a formulation, the approach used here Shah, 1989). Here, far> 0 definef fori = 0,1 by
to match the edge sets is to embed them into images
which are then registered elastically. Elastic poten-
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2.1 Optimality Conditions

100 = {1dri(x)/£, for9<e oo

0, otherwise We solve problem (2.6) by (formally) deducing the
The nonzero regions of® are diffuse extensions of ~corresponding Euler-Lagrange equations which we
the edges;. Since the distance functiadt, (x) can linearize using Newton's method (based on the work
be expensive to computé is calculated in practice N (Keeling, 2007)). To obtain the necessary optimal-
by a marching procedure in which the distadggx) ity conditions for the optimization problem (2.6) we

ing steps from the edge sEt to x. The extent of  directionv e C*(Q)

this "region-growing” depends on the magnitude of 3 (e o d
e: the effect looks like a silk painting df; wheree s (WiV) = dSJ(WJFSV)‘SFO' 2.7)
affects the duration of the brush touching the fabric. To keep things clear we employ the linearity of the
From an image processing point of view this tech- Gateaux derivative and split the computation into two
nique can be seen as distance transform. The use oparts. Starting wittg* we get

distance transforms in image registration is not new: s . . .

for instance in (Hill and Baldock, 2006) the authors gw W:V) = Jo (15 (X+W) — IF(X))DI5(x +w) - vdX,
used constrained distances in the context of interac- ) (2.8)
tive non-rigid registration. A variational approach to ForE(w) we obtain

match distance functions was presented in (Paragios  se /..., o : =
and Ramesh, 2002). Now we may use (2.1) on the oo (0 V) = J M Sppinl 0l S - i
region-grown versiong# of I; to obtain an adapted + JoA(O-w) (0-v) dx, (2.9)

distance measure where : denotes a component-wise matrix scalar prod-

S(w) = }/ | I§(x+w) — If(x)|2 dx. (2.3) uct. The weak necessary condition for the minimiza-
2/a _ tion of J is
As indicated above, we assume that an elastic de- o

formation; thus we define the following linear elastic gw(W:V) = 3 (W;V) + 35 (W;v) =0, W eC(Q).

potential (see for instance (Modersitzki, 2004)) _ o _ (2.10)
5 To obtain a strong optimality formulation, we assume
EW) =5 Jo(0-w)?dx+ 4 fo |[Ow™ + Ow| dx i is suffici i ial i
= 2Ja 4JQ F- first thatw is sufficiently regular. By using partial in-
) tegration we shift the derivatives fromto w and ap-
where|-|¢ denotes the Frobenius-norm apdindA ply the fundamental Lemma of calculus of variations

are positive constants describing the elastic proper-iy gptain the Euler-Lagrange equations of (2.6)
ties of the body, the so-called Navier—Lamé constants.

Additively extendingS® by the linear elastic potential EwW —f(x,w; I§, I}) =0,  inQ,
E, ensures that among all solutions elastic deforma- A0 - w+ p(Owg + 0x,w) -n =0, 0onoQ,
tions are favored. Hence we end up with the following (2.11)
cost functional whereZ is the elasticity operator defined by

J(w) =S (w) +E(w) (2.5) EW = pAw + (L A) 0 (0 w), (2.12)

for a fixede > 0. Assuming thaw € H(Q) the cost

Jis well defined. Summarized we compute a registra- 2"d

tion by solving the following minimization problem fx,w; I§, If) := (I§(x +W) — I§(x)) D I§ (X +w),
min J(w). (2.6) (2.13)
weH(Q) is the driving force of the registration. Note tHait
Note that the imagel vary with the value ot. the Gateaux derivative of the employed distance mea-

We have proved the existence of a global minimizer sure. This gives rise to some important observations:
for (2.6) for each fixed as well as convergence of if the force fieldf is small a slight deformatiow is
these minimizers as— 0; however, these proofs are enough to satisfy (2.11). Thus the distance measure
not given here. Furthermore, we note that a global has to be sensitive enough to "capture” differences
minimizer fore sufficiently small is essentially = 0, in the pathway of the edgds. Hence a naive ap-
since (2.1) becomes negligible; thus, we are more plication of the SSID-measure on the original binary
interested in the local minimizers introduced by our imagesl; is indeed not feasible for our problem: the
novel vanishing diffusion strategy (see Algorithm 1 driving forcef(x,w;lg,11) is too small to yield a suffi-
below) which starts witle large enough that the de- ciently large deformatiow to change the shape b§
sired local minimum is dominant. visibly.
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However, at the same time the applied distance
measure has to be robust enough to "ignore” minor
differences in the details of the edgesin the pres-
ence of noise. Though the Hausdorff—distance gen-
erates a sufficiently large driving force for an elastic
registration it is very sensitive to noise: only modifi-

cations of the Hausdorff-distance-measure are capa-

ble of matching noisy image data (see e.g. (Sim et al.,
1999) or (Zhao et al., 2005)).

The technique of "region-growing” proposed here
is able to satisfy both requirements: depending on the
choice ofe > 0 the broadening of the blurred edges
It :=supg If) fori = 0,1 can be arbitrarily extended
thus provoking a large driving fordgx,w; I§, I ) if
the original edge§; differ significantly. On the other
hand the blurring effect or our "region-growing” ap-
proach automatically smooths noisy edges by simul-
taneously preserving characteristic features. How-
ever, an inadequate choice®otan lead to either ex-
cessive blurring and hence loss of important features

or insufficient enhancement of the edges and thus a

too. small driving forcef. Though the value of is
therefore critical the process of finding a suitable
is usually not too difficult. Nevertheless, in the fol-
lowing we present a solution strategy which is robust
against the choice af

2.2 Solution Strategy

Since the Euler—Lagrange equations (2.11) are a sys-

tem of nonlinear partial differential equations (PDES)
in w we employ Newton’s method on the functiodal
which takes the form

5]

ow?

0J o
(Wk,v,6wk):75—w(wk,v), Y e C®(Q),

Wier1 =Wy + TOW,
(2.14)
wheret > 0 denotes a given step-size dng 1,2, ...
is the iteration index. We introduce the symmetriza-
tion
OI§(x) == DI () DIE(X) T, (2.15)

and by employing again the linearity of the of the
Gateaux derivative we compute

¥s

w2
By using the first variational derivative (2.9) of the
linear elastic potential we obtain further

(Wi; v, Owy) = vaﬁIS(erWk)?kadx. (2.16)

¥E
w2

(Wi v, dwi) = [ WOV T + 0Ov) : (Odw,] + Odwy)
+ [oMNO-v)(O-dwy)dx, (2.17)

Using again partial integration and the fundamental
Lemma of calculus of variations we arrive (under

Embedding Purkinje Fiber Networks

stronger assumptions on the regularityvey at the
following strong formulation:

(—E 4 OIE (X + wy))dwy = Ewy — F(x, wi; IE, IF)),
(2.18)
in Q with boundary conditions

An0-w + p(Owg 4-0x,W) -n =0, (2.19)

on 0Q. Expressions (2.18)-(2.19) form the wanted
linear PDE-system for the unknown functidw,. We
could prove that the weak form (2.14) of the Newton
step admits an unique solution for eaclif the im-
agel;(x+wy) manifests sufficiently few symmetries.
Convergence of Newton's method (2.14) for a fixed
€ > 0 and a suitable initial guess can be shown using
the Newton—Kantorovich Theorem (see e.g. (Ortega,
1968)).

3 NUMERICAL
APPROXIMATION

We will first introduce a discretization scheme for
the strong formulation (2.18)-(2.19) of the Newton
step and then explain the discrete realization of New-
ton’s method (2.14). We start by rewriting the Euler-
Lagrange equations (2.11). Let from nowwtx) :=
(u(x),v(x))", andx = (x,y) € Q. Then we may
rewrite the elasticity operatat

o =u(32-52) 0
u
)

x T oy
2 v
( ()\+H)£Tgy

><
(511 flz) (\L;)

21 22
For the sake of simplicity we drop the iteration in-
dex k here. Since we are working with digital im-
ages we define a gri@, := {1,...,N}2, whereN
denotes the resolution of the images. We use an
unit step sizeh := 1, i.e. the width of a cell is one,
and employ standard central finite differences to dis-
cretize the Newton step (2.18)-(2.19). In particular
letj := (j1,...,in) € RN be an integer component
multi index,1:= (1,...,1)T € RN and the cell cen-
troids be given byxj :=j,1 <j < N-1. We de-
note the array arising from evaluating eigat each
grid point byu(Qp) € RN*N. HenceU; ~ u(x;) and
e RNV denotes the vector of valugy; } correspond-
ing to the lexicographic ordering in which incre-
ments first from 1 tdN, thenj, and so on. Further, let
D(T) € RN**N* pe the diagonal matrix arising from
situating the valuegU; } along the diagonal accord-
ing to lexicographic ordering.

du |, ov

2 2 2
M2 75+ (Mg

2
M52 +(A+2)

(3.1)
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We start by discretizing the elasticity operafor
We show for instance the discretization 61 near
the lower left corner of2,

-2 —2u 0

0 o0 -2
0 8u+4N —4p—4A —4p—4N 16u+8N —4u—4A
0 O —2u —2u 0 —2u
0 O —2u —2u 0 —2u

0 2A+4p —2u—2A —2u—2A 8u+4A —2u—2A
0 o0 0 0 0 0

(3.2)

The upper right block represents the stencil weights

for neighbors of a field cell. Similarly the other blocks
show for boundary cells the stencil weights for their

neighbors. With the same format we represent the

stencils ofE;

(0 P=A —u—)\) <u+)\ 0 u—)\)
0 O 0 0
0 —p—A p+A H=A O p+A

O p—A —p—A H+A O —p—A

0 p+A —p+A H=A 0 —p—A

0 0 0 00 O

The stencils forEz, and E;1 are constructed by ade-
guate copying and mirroring of (3.2) and (3.3) respec-
tively. This gives rise to matriceSy , € RN N with

1 < k,£ < 2 which form the discrete version of the
operatorE under lexicographic ordering, i.e.

(3.3)

Ep10+ E1V
puanven ~ (ENTEY ). @9
so that we may write
- Eix E d
EwW:.= . .

Now we develop the discretization of the imaggs
The discrete versiod; € RN*N of If is readily es-
tablished by settlnglJ = I{(xj). Analogously we
setloj ~ I§(x; +w;j). Note that for non-integer val-
ues ofw a (multi)linear interpolation scheme has to
be applied to computé (x+w) andO I§ (x +w). We
use bilinear interpolation to compuﬁgj and intro-
duce the matrixp € RN*N of values{ To; } (if x+w
lies outside ofQ we assign the extrapolation value
zero). Finally we approximate the gradiént§. Let
oh denote a fraction of the cell width, i.e. dh:=
h/2 = 1/2. Employing this we get the increment of
I§(x; +wj) in x-direction to compute the following
discrete derivative

Q154 +wy) ~ ok (I5(x +edh+w))  (3.6)

—eldh+wj)) =: 8D,

wheree; is the first unit vector ifR2. Note that we
use again bilinear interpolation if is evaluated at

—I5(x

16

non-grid points. Analogously we compdﬁ@foyj and
are finally ready to set up the discrete Newton step.
With : denoting again a componentwise matrix scalar
product let

G(To) = [ P(6103D) D(3EDL) ) panzave
D(&([o:&ylo) D(6y1026y10)
(3.7)
and define
Foe ( (Io— h) : 3o ) c RV (3.8)
Io — Ij_ 5y[0

Then the Newton step (2.18)-(2.19) is discretized by
(—E+G(Io))6W=—EW—f, (3.9

which is a linear equation system in the unknown

dw € R2N?

3.1 TheDiscrete Newton lteration

Now we want to establish a discrete version of New-
ton’s-method (2.14) for the functiond. ~We use

wp:=0¢€ RN’ a5 initial guess and employ the discrete

Newton step (3.9) to obtain the following iteration
(—E+G(Tox)) &k
Wi 1 =Wk + TkOW,

=~ f, k=12

(3.10)
Note that the discrete gradieBt foyk) and the discrete
force fi depend on the current valuewf hence they
have to be updated at each iteration.

We use a backtracking-like line search to deter-
mine the step size.. We establish a discrete approxi-
mationJ;, of the cost functional and determiney as
follows:

k= minJh(vT/k + T5Wk),
€T

T::{T 1,..,L},

wherewy denotes the current iterate ady the cur-
rently computed Newton direction. Note that this
line-search algorithm determines the optimal step-
size on the intervgl/L, 2] hence in contrary to clas-
sic backtracking approaches (Dennis and Schnabel,
1983) step sizes larger than one can be chosen. This
method has proven to provide good performance and
less total computational cost than standard Armijo—
Goldstein or Wolfe—Powell techniques (Nocedal and
Wright, 2000). Sincé > 0 is not chosen to be partic-
ularly large only few evaluations ok, are computed

to obtaintk and the computation aof, does not in-
volve the expensive calculation of the discrete gradi-
entG(lok).

(3.11)

20
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We use a relative stopping criterion in the New-
ton iteration (3.10). Note that the right hand side of

Embedding Purkinje Fiber Networks

boundaries. This would greatly impair the computa-
tion of the deformationv at the boundary since mass

the Newton step (3.9) corresponds to the discretized having diffused over the boundary cannot be matched

Euler—Lagrange equations (2.11) of the original min-
imization problem (2.6). Hence we want the residual
e .= —EwW,— Fk to be "small” and thus define the rel-
ative residualy := |r¢|/|r1). Additionally we com-
pute the relative change of the iterates= |Wy —
Wi—1|/|Wk| (wherere := 0 if |Wy| = 0) and combine
these two notions in a stopping criterion.

As mentioned above the choice efmay have
negative effects on the outcome of the registration.
Whereas it is usually not too difficult to avoid too
small values ofe it is very hard to give an upper
bound fore beforehand. However, a value oftoo
large leads to excessively blurred approximatighs
of I and hence a loss of potentially important features
of the original edge$;. Hence we want the solu-
tion strategy of the registration problem (2.6) to be
robust against the choice ef To account for the in-
troduced approximation error we augment Newton’s
method (3.10) with an outer iteration in which we re-
duce blurring. We compute a rough solutian of
(3.10) by using a low number of maximal iterations
kmax. To reduce blurring in the images we compute
the element-wise-squared £f which accentuates the
original edge set§; in contrast to their blurred sur-
roundings. Then we restart Newton’s method with the
imagesiE (x; )2, w1 = W* and increaskmnax. We repeat
this procedur& times such that the squared images
are sufficiently close approximations to the original
images, i.e(x;)2 ~ li(x;). To fix ideas we sum-
marize this method in Algorithm 1.

~
~

Algorithm 1: Iterative method to solve the elastic registra-
tion problem (2.6).
Choosee > 0, kine € N : Kine > 2, tol > 0 andw € R2N?.

1. Given the edge-selg andl'; embed them in the center
of imaged andly.

2. Compute diffuse version& of I;.
3. fork=1toK
(@) Setkmax= Kinc-K

(b) Computen* according to (3.10) using the line search
strategy (3.11) until either miny,re) < tol or k >

kmax-
(c) SetI¥(x):= If(xj)? and Wy = W*.
4. end
5. Setw = W".

The centering of the edges as stated in Algo-
rithm 1 is an important pre-registration step: if the
edges are not centered within the imagyéle diffuse
extensions of i created by (2.2) may intersect image

with its natural counterpart in the other image. More-
over, if both edge§ andl'1 share roughly the same
area of the imagelg andl; respectively the deforma-
tion field does not have to account for large transla-
tions within the image domain.

Altogether this approach has proven itself in prac-
tice: since the minimization problem (2.6) is only
approximately solved for blurred versiods of |; in
the beginning, a rough initial deformation field is ob-
tained that captures only global deformationsign
By successively deblurring the imagé&sand I} the
pathway of the original edge sdistakes shape again,
and the deformatiow is updated to capture local fea-
tures of the edges.

4 COMPUTATIONAL RESULTS

All computations were carried out in MLAB ™
2009b running on a Dell Optiplex 745 equipped with
8 GB of RAM. The used operating system was open-
SUSE 11.2 (64bit, kernel 2.6.31.12-0.2).

We want to apply the solution strategy developed
in the previous section to register the San Diego rab-
bit heart (Vetter and McCulloch, 1998) (referred to
as “TBunnyC” in the following) to an anatomically
highly realistic model (Bishop et al., 2010) (called
“Oxford-heart” from now on). Both models are
shown in Figure 4.1. The basic idea is to slice up the
3D models which gives rise to 2D edges. Then each
slice is registered consecutively by employing Algo-
rithm 1. The registered slices are assembled again to
obtain a 3D representation of the results. Finally the
deformation fields computed for each slice are used
to map a literature-based Purkinje fiber network (Vig-
mond and Clements, 2007) onto the endocardium of
the Oxford-heart.

The measuring unit of the models jim; hence,
we rescaled the large values in the models to reduce
the size of the arising linear systems in the registra-
tion. Further, to obtain a maximal spatial "overlap”
we translated the models. Then we "cut” the 3D mod-
els to obtain 2D edges. To ensure a clear differen-
tiation between left and right cavity we separate the
3D heart models accordingly. We chose thaxis as
cutting direction which seems to be a natural choice
once left and right cavities are considered separately.
Due to the fact that the grid points are not equally dis-
tributed on regulaky-planes in vertical direction we
have to divide the models into layers of finite thick-
ness, particularly with a thickness of 3808. The
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() (b)

Figure 4.1: The given 3D heart models: (a) The San Diego rabbit heart (Vetter and McCulloch, 1998) "TBunnyC” (29 394
points) and (b) the anatomically highly realistic model (Bishop et al., 2010) "Oxford Heart” (258 178 points).

proximations/?. We approximate the distance func-
tion dr; used in the definition (2.2) off by the fol-
lowing marching scheme: Each non-zero entry;of
is multiplied by N and added to its & 3 neighbor-
hood. This procedure is repeated until either the edge
set "outgrows” the image or a maximal number of
iterations has been exceeded. An exemplary result
of this region-growing is depicted in Figure 4.2(c).
(a) This way we generated two image series: the blurred
slices of the 3D model TBunny@ ™} which
serve as template image stack and the blurred cuts of

the Oxford-hear{ If’m}Mmzl which form the reference
stack. Thus we want to find elastic deformatiovi®
so thatly™(x +w™) ~ 1;™(x) form=1,...,M. This
is achieved by employing a M'LAB -implementation
of the augmented Newton method depicted in Algo-
rithm 1. A list of all used parameters and their values
®) © is given in_TabIe 41 'I_'he discrete Neyvton step (3.9)is
_ _ ) _ solved using the inbuilt MTLAB -functionni di vi de
Figure 4.2: IIIust_ratlon of the _dlssectlon of the 3D heart ("backslash”). To utilize memory efficiently the coef-
EOde'S' Shown is the left cavity of the TBunnyC model. - ot matrices in each Newton step are sparse double
irst the model is cut in horizontal direction (a) to gener- : -
ate a 2D edge set (b). We center the image and apply ourMATLAB _matrlces. Flna_lly we apply the computed
region-growing algorithm (c). deformationsv™ to the original image#]’ to register
the edged §' to I'". Figure 4.3 sketches the proce-
wanted 2D edges arise from shrinking the thickness dure. Figure 4.4 shows the 3D reconstruction of the
until the slice becomes aqy-plane. registered TBunnyC slices in comparison to the 3D

Having generated a series of slices we are readyreference, i.e. the Oxford heart, for both left and right

to apply Algorithm 1. Each slice is a sparse dou- Cavities.

ble MATLAB matrix of sizeN x N. We apply two Having registered each slice of the left and right
preprocessing steps: for each slice we first center cavities we want to utilize the computed deformation
the edges within the images and second we employfields to map an artificial Purkinje fiber network given
our "region-growing” algorithm to obtain blurred ap- for the TBunnyC model onto the Oxford heart. The
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Figure 4.3: The different stages of Algorithm 1 for the template imiagéop row) and the reference imagg (bottom
row). Panels (a) and (d) show the centered and region grown versions of the images. Panel (b) presents the resulting image
Ig(erw)2K after completion of Algorithm 1 versus the final referenlféK (x) (e). Panel (c) depicts the original image

after application of the computed transformatiorersus the original targét (f). Panel (g) shows the computed deformation
field w(x).

Table 4.1: The used parameters. the Oxford endocardium and successively correcting
. the spatial position of each individual point. More-
Parz;\meter Value | Meaning over, the complex geometry of the Oxford heart which
le-2 | see (2.4) di .
iffers significantly from the topology of the TBun-
H le-2 | see(2.4) nyC model proved to be captured adequately only by
L 10_| see (3'11? elastically deforming the TBunnyC endocardial walls.
tol le-3 | see Algorithm 1 Hence the computed elastic deformations guarantee
K 4 | see Algorithm 1 that despite even large differences in the endocardial
Kinc 5 | see Algorithm 1 geometries of both models the artificial Purkinje fiber

PS was given as list of Cartesian coordinates of 832 Network is mapped sufficiently close to the Oxford
points (414 points for the left, 418 points for the right €ndocardium. Post-processing can be used to project
cavity respectively) representing the spatial locations Nodes onto the nearest facet.

of the nodes of a 3D graph. Figure 4.5 shows the

Purkinje fiber network in the TBunnyC modelin com- Though our results have been positively evalu-
parison to the registered network in the Oxford heart. at€d by experts, the lack of experimental observations
makes a rigorous validation difficult. While our 2D

approach depends strongly upon the preregistrations
performed in 3D and in 2D, this dependence might
5> DISCUSSION be relaxed by a full 3D registration at considerably
AND CONCLUSIONS higher cost. Our simulations confirmed that separat-
ing the cavities of the heart models is crucial. This can
The artificial PS considered here was modeled to be abe seen rather easily by looking at Figure 4.1: we see
subset of the TBunnyC model. Hence we may safely that cutting the hearts in vertical direction gives rise
assume that the computed deformations constitute ato slices which contain edges from both the left and
suitable mapping for projecting the network nodes right cavities. This fact seriously impairs the outcome
from the TBunnyC model onto the Oxford heart. The of the registration: depending on the choice of the
application required the registered network to be a Navier-Lamé constants and the proximity of the cavi-
subset of the Oxford heart. This requirement to- tiesthe computed deformation fields "pull” edges cor-
gether with the sheer number of network nodes ren- responding to the left cavity to an edge arising from
dered it impossible to construct an affine linear map- a cut through the right cavity and vice versa. Despite
ping to roughly project the nodes into a proximity of numerous tests using different parameter values and

19



VISAPP 2011 - International Conference on Computer Vision Theory and Applications

@ (b) © (d)

Figure 4.4: 3D Reconstruction of the registered TBunnyC slices for the left (a) and right (c) cavity vs the left (b) and right (d)
cavity of the reference Oxford heart.

(@ (b)
Figure 4.5: The artificial Purkinje fiber network in the TBunnyC model (a) and the registered network in the Oxford heart (b).

cutting directions this undesirable effect could not be in Algorithm 1 ensures robustness of the proposed
completely eradicated. Hence we separated the 3Dmethod.
hearts into left and right cavities.
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