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Chapter 4

Motion Tracking of Arteries In
Biplane Cineangiograms

The classical method for recovering the motion of the coronas is to track the
motion of the arterial centerlines in the two{dimensional (D) projection images.
For each cardiac phase, a 3D coronary tree is independentlycomstructed. Optical
ow [80], binary image elastic registration [81], Kalman snhale[82], and local space
search and graph minimization techniques [83] are some of thestimods that have
been proposed for 2D vessel tracking. However, tracking the vesselthe projection
image space has signi cant limitations. Multiple vessel overlajg common due to the
projective nature of the imaging modality. Correctly trackng arteries through these
regions is a di cult problem, which can only be solved with addional knowledge
and regularizing constraints. Yet, the use of true 3D constraiston the shape and
length of the coronaries, as well as on the spatial regularityf the 3D motion of the
coronary tree, is impossible when operating in the 2D image sgac

Making the transition to tracking the motion of the arteries n 3D, Ruan [84]
proposed combining optical ow derived displacement infornten from two projec-
tion images to displace an existing 3D coronary tree model. A fidemable models
approach for segmenting objects in a stereo image pair using aaretric curves was

Work from this chapter was presented at SPIE Medical Imaging 2002 [78], and pubdihed in
IEEE Transactions on Medical Imaging 22(4):493{503 [79].



PhD Thesis ¢ 2003 by Guy Shechter. 59

described by Bascle [85] and applied to segmenting the coronasteries with 3D
B{spline curves by Radeva [86] and Canero [87]. Toledo [88}ended this work into
the temporal dimension by tracking the motion of the 3D curvedy allowing each
B{spline control point to move independently in 3D. An energy rmmimization scheme,
using image derived forces and external constraint forces, isad to update the posi-
tion of the control points. Due to the large degrees of freedoassociated with this
formulation, a Kalman lter, initialized with the average 3D structure and motion of
the coronary tree de ned over a patient population, is used t@onstrain the proce-
dure. Other 3D knowledge based methods include the use of eigeakes [89], and
Fourier descriptors [90] to track the arteries; recently, anaive contour method based
on a biomechanical model was used to track a pacemaker lead iplane images [91].

This chapter describes a method for tracking the 3D motion oht coronary arter-
ies through a biplane cineangiography image sequence. A 3Ddwrbof the coronary
artery centerlines is reconstructed at one time frame, and peesented as an ensem-
ble of 3D B{spline curves. An energy minimization problem witm a registration
framework is formulated to deform the coronary tree consistép with the angiogram
image pairs at later time frames. Using 3D constraints on the letlgchanges of the
coronary arteries and on the spatial regularity of their motin, an hierarchical set
of coarsef{to{ ne 3D motion models is used to recover the tempal evolution of the
coronary tree.

Validation experiments performed on a deforming vascular pimtom are presented
in Sections 4.2. Results obtained with clinical coronary amggrams can be found in
Section 4.3.



PhD Thesis ¢ 2003 by Guy Shechter. 60
4.1 Description of Algorithm

4.1.1 Motion Models

The goal of the motion tracking algorithm is to recover the seof transformations
fM ' : R®! R3g, which map any point g on the coronary tree at timet,, to the
point's position at time to + t,

q'=M'(q): (4.1)
A hierarchical coarse{to{ ne approach for recovering the tansformationM ! is used [92].
In this section, a description of the three motion models used t@cover the motion
of the coronary arteries is presented. From global to localhé motion models are: a
global 3D rigid body transformation, a global 3D a ne transformation, and a local
3D tensor product B{spline (B{solid [93]) transformation.

3D Rigid Body Transformation

The class of 3D rigid body transformations describes motion ofreon{deforming
object in R® using six degrees of freedom: three angles of rotation, and elertrans-
lation parameters. The transformation of a pointg at time t, to its position gt at
time to + t can be written as

2 32 3
Ry Tt q
M &(q) = g (4.2)
0001 1
where in R3, R, is a 3x3 rotation matrix with Euler angles (y, ¢, () and T, =

( X Vi, z)'isa3D translation vector. The use of Euler angles is justi ed lmause
the magnitude of the rotations are expected to be small. Sin&{splines are invariant
under rigid transformation, the rigid body transformation functional of the curveC( )
from equation (3.27) is expressed as

X 1

MRICI=  bp( )M R(Vi): (4.3)
i=0



PhD Thesis ¢ 2003 by Guy Shechter. 61

3D A ne Transformation

The class of 3D a ne transformations describes motion of a nonfgid object in
R3 using twelve degrees of freedom. The transformation of a poigtat time t, to its

position ' at time ty + t can be written as
2 32 3

AT,
M () = q (4.4)

00 01 1

T.=( X W, z)' is a 3D translation vector. The matrix A; can be decomposed
into three rotations, three scale factors, and three shears. SeB{splines are invariant
under a ne transformation, the 3D a ne transformation functi onal of the curveC( )
from equation (3.27) is expressed as

X 1
MAICI=  bp( )M A(Vi): (4.5)

i=0
B{solid Transformation

A B{solid transformation is used to model local deformation oflte coronary ar-
teries. The B{solid is the dimension three analog of the one dimsional B-spline
curve, and the two dimensional B-spline tensor product surfacd-or a point on the
coronary tree attg, the B{solid d : R®! RS2 gives the 3D displacement vector to that
point's position at time to + t. Given a pointq = (6;q;0q) 2 R3 attime to, its
displacement to timety + t is expressed a

K 1 I L

d(g;t) = b;p (G)B;p (0 ) B (G ) Ui [1] (4.6)

i=0 j=0 k=0
where thef uj, 2 R3g are then; nj ng control points, and thef b.,g are thepth de-
gree B-spline basis functions. The control point density is dicfly proportional to the
amount of local deformation that can be represented by the B{#d. By using cubic
B{spline basis functions p = 3), C2 continuity of the deformation eld is maintained
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over the B{solid volume. Each B{spline basis function is de necon uniform knot
vectors aligned with the patient's superior{inferior, righ{left, and anterior{posterior
axes. The B{solid is de ned over the volume of the 3D coronary ée, with a bor-
der on each side of ten percent of the range in that dimension. rially, the B{solid
transformation of a point q at time t, to its position g' at time to + t is expressed as

Mg(a) = a+d(g;t): (4.7)

The B{solid transformation functional for the curve C( ) from equation (3.27) is
expressed as

X 1

MgICI=  hp( )M (Vi) (4.8)

i=0
in order to simplify the motion recovery procedure. Howeverhe B{solid transforma-
tion of the control points of the coronary artery B{splines isnot strictly the same as
the B{solid transformation of evaluationsof the coronary artery B{splines. The use
of the formulation in equation (4.8) is justi ed when the contol point density of the
B{solid is much smaller than the control point density of the coonary artery B{spline
curve. Quantitative analysis supporting the use of this formaition is presented in

Section 4.3.2.

4.1.2 Energy Minimization

A registration framework is adopted to recover the set of transfmations fM ! :
R3 1 R3g which deform and orient the 3D coronary tree reconstructed aime to,
to its con guration at time tg + t, consistent with the observed angiogram images at
time to + t. A closed system is de ned, composed of a 3D coronary tree de netl a
time to, the motion transformation M !, and a biplane angiogram image pair at time
to + t. An energy measure describing the quality of the transformed aorary tree's
t to the angiogram images is expressed as

Etotal = ! 1Eexternal + | 2Earteries + | 3Ebsolid; (49)

which is a weighted sum of an external angiographic image dexd energy term,
an internal arterial energy term, and when solving for the B{slid transformation,
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an internal B{solid energy term. The goal of the motion trackng procedure is to
recover the \best" transformation, M !, which minimizes the energy functional de ned
in equation (4.9) and nulls its derivative taken with respecto the transformation

parameters. Analytical derivatives are computed and the solign is recovered with
a Lagrangian explicit numerical scheme, a gradient descent thed [94, 85].

To solve forM ! at time to+t, the rigid transformation, M &, is recovered rst using
a multiresolution approach. The maximum multiscale response macorresponding
to the angiogram images at timety + t is smoothed using a Gaussian kernel with
a standard deviation of g. When the procedure for recovery oM L converges at
this resolution, the standard deviation of the smoothing kerreis halved, and the
procedure continues iterating on a sharpened image. This pedure is repeated until
the standard deviation of the smoothing kernel reaches a stopigi condition.

The recovered rigid transformationM § is used to initialize the multiresolution
search for the a ne transformation, M . When solving for the a ne transformation,
all twelve parameters are treated as degrees of freedom, ethmay cause the rotation
and translation parameters to change from those recovered ihd rigid tracking step.
Similarly, M Y is used to initialize the multiresolution recovery of the B{sadtl trans-
formation, which, after convergence, is the desired nal trasformation M ' = M §).
Finally, M !, the recovered transformation at timeto+ t, is used to initialize the search
for M 1,

This multiresolution tracking strategy is combined with the sé of hierarchical
motion models, with increasing degrees of freedom, in order twercome the local
minimum sensitivity of the gradient descent method.

External Energy

The external energy term is a measure of how well the transforeheoronary ar-
teries project onto the angiogram images.Eqxema IS calculated using a potential
map, R;, computed for the projection x{ray angiography image];, using the mul-
tiscale response method described in Section 3.2.3. The gratlidescent method
attracts the arterial model's projections into the valleysof the multiscale response
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map, without having to explicitly extract and label vessel ceterlines in the angiogram
images.

For a given motion functional, M !, and a set of curves de ning the 3D coronary
tree at time to, f C4( )g, the values of the potential eld of the projected transformd
curves are integrated along their 3D arc{length and normaled by the length of the
coronary tree and the number of projections,

Na
Eexternal = Np L éa
a=1
X Xa £ L[4
Ri x?(s);y(s) ds (4.10)

1

i=1 a=1 0O
wheren, is the number of projection imagesn, is the number of arteries in the 3D
coronary tree model, and the transformed coronary B{spline cve €, = M '[C,] is
itself a 3D B{spline curve with control pointsV; = M (V) (see eqns. 4.3, 4.5, 4.8).
The functional L calculates the arc{length of a 3D B-spline curve de ned overhe

parametric interval [O; 1] by evaluating
z 1
L[Ca=  KkC2( )kd : (4.11)
0

Finally, x2( ) and y?2( ) are the projection coordinates o, on the ith projection
image. Given the 3x4 projection matrix,P', which de nes the projection of the 3D
model coordinates to local image coordinates for image the projected transformed
coronary 3D B{spline can be written in homogeneous coordined as

. . X1 .
PM[Ci =P Ca()= Bp()PV;: (4.12)
j=0
The non{homogeneous coordinates of the projected curve che expressed as two
non{uniform rational B{splines (NURBS),

P 4 . . .
()= pizo B QOPL + PO + PigO? + Piy)
i i . . - -

o 10 B (P57 + P07 + Pyl + Py
o e )Py + PR + PL07 + PLy)

J'n:01 Biip ( )(Pé;l\?jx + P?i>:2\7jy + Pé;sojz + PL,)

(4.13)

()= (4.14)
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Making the assumption that the length of a coronary artery chages minimally over
the cardiac cycleL €, L C, ,[95], and writing the arc{length reparameterization

of a B{spline curve as
z

s(C; )= i kCYHkd~ (4.15)

99 ) = et gk (4.16)

allows equation (4.10) to be written as

Xa 1
Eexternal = Np L Ca
a=1
X Xa Z 1
Ri xf( );yf() k€I )kd : (4.17)

i=1 a=1 0O
Arterial Energy

The internal arterial energy is a regularizing term that preents large changes in
the lengths of the arteriesf C,( )g due to the transformationM ¢,

Xa 2
Einternal = L M t[Ca] L Ca (4-18)

a=1
where n, is the number of arteries in the 3D coronary tree model, and Lsithe
arc{length functional de ned in equation (4.11).

B{solid Energy

The internal B{solid energy term is used to regularize the vaks at neighboring
control points in the B{spline grid. Therefore, the energy othe B{solid structure is
de ned as a 3D Laplacian operator, and normalized by the nun@s of control points
in the B{solid,

1 XIXIx?

NiN; Nk

Ebsolid =
e=0 f=0 g=0
xtoxt Xt 2

Wik  Uerif +jg+k - (4.19)
i= 1j= 1k= 1
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h [
w is a 9x9x9 distance weighting function wher&v;jx = wijc Wi Wik - and
8 Xt Xt
p= 1g= 1 . -
; if(i;j;k)=(0;0;0
Wik = g+ r) (4.20)

r= 1

_§ p

Jij+ jij+ jki; if (i;);k ) 6 (0;0,0)
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4.2 Experimental Validation: Phantom

4.2.1 Method

A deforming vascular phantom was constructed to facilitate al3 validation ex-
periment. A tree of Tygon tubes (inner diameters between (853.18 mm, total
length=34 cm) was constructed, and lled with an iodinated caotrast agent. The
tubes were arranged around a compliant latex balloon whichas in ated using a
mechanical ventilator. Sample biplane x{ray images of thelantom are shown in
Figure 4.1.

The gold standard reconstruction of the geometry and motion ahis phantom
was assessed with multislice gated magnetic resonance (MR) imagitMR provided
images with an in{plane spatial resolution of 0.4 x 0.4 mm, a skcthickness of 2 mm,
and a temporal resolution of 40 ms (25 cine phases per motion i&jc The gold stan-
dard representation of the deforming phantom was generategt manually delineating
the centerlines in the MR images using a 3D segmentation toolgl9

Because of the di erent temporal resolution and sampling freguncy of the MR and
x{ray acquisitions (15 frames per second), 8 sets of x{ray/MR iiage groups that were
most closely matched temporally were identied. The phantom @as reconstructed
from the rst pair of x{ray images using the vascular reconstrudbn method described
in Section 3.2.3. A rigid registration procedure was used toigh the centerline
reconstructions obtained from x{ray and MR at the rst motion phase, and the
3D reconstruction error was computed by calculating the RMSfdhe closest point
distances between these two modalities.

The motion of the reconstructed phantom was tracked throughhe remaining
seven biplane image pairs. The resulting centerline models wahen compared with
the centerlines segmented from the MR images at the correspamgl motion phase.
The quality of the motion tracking algorithm was quanti ed by computing the RMS
of the 3D closest point distances between the two modalities aa& phase of the
tracked motion. As a baseline error level, 3D RMS errors weresalmeasured between
the untracked x{ray reconstruction from the rst pair of x{ray images, and the MR
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(b)

(c) (d)

Figure 4.1: RAO (a) and LAO (b) projections of the vascular phatom. In (c),
one slice of the 3D MRI volume of the phantom, and in (d) a maxinmm intensity
projection of the MR images.
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reconstructions obtained at the other 7 motion phases.

4.2.2 Results

The vascular phantom was reconstructed from a biplane image ipand rigidly
aligned with the centerline model extracted from the MR imags. This was repeated
using four sets of biplane image pairs obtained with di erentmhager orientations,
which corresponded to typical angular separations used in d@al biplane coronary
angiography. Over the four reconstructions, the mean ( one standard deviation)
3D RMS error between the x{ray and MR reconstructions was 0.66 0.04) mm.
Reconstructions obtained from image pairs with less than 20 gieees separation in
the LAO{RAO direction showed increasing 3D RMS reconstructiorerrors; with a
primary angle separation of 14 degrees, the RMS error was 1.3 mm

The vascular phantom was tracked into 7 biplane image pairs, ugj similar pa-
rameters to those used for the clinical angiograms, except that = 0:005 for the
B{solid motion model, and the largest spatial smoothing kernelsed was = 2 pix-
els. The maximum 3D displacement of the phantom during its peydic motion was
2.9 mm, with the mean 3D displacement reaching 1.5 mm. The measplacement
(  one standard deviation) of the phantom between successive imajgames was
1.1 0.8 pixels.

The 3D RMS error computed between the tracked centerlines drtheir corre-
sponding centerline models extracted from the MRI dataset aghown in Figure 4.2
(solid line). The motion tracking algorithm succeeds in keepg the mean 3D RMS
error at 0.69 0.06 mm over the four biplane reconstructions and over all tcked time
frames. In comparison, the 3D RMS errors between the untrackedray reconstruc-
tion and the deforming gold standard MR reconstructions varg between 0.66 and
1.60 mm (dashed line).
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Figure 4.2: The vascular phantom was reconstructed and traakeéhrough seven pairs
of biplane x{ray images. The solid line shows the 3D RMS error bgeen the tracked
vascular phantom and the gold standard centerline models oliteed from MR imaging

at each motion phase. As a baseline error level (dashed line), tB® RMS error
between the untracked x{ray reconstruction, and the deformig gold standard MR
reconstructions was computed. The lines represent the meann¢hone standard
deviation) of results obtained in four independent acquisibins obtained with di erent

biplane angular separations.
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4.3 Experimental Validation: Clinical Angiograms

4.3.1 Method

Imaging protocol

Biplane images (Philips BH5000, 15 frames per second, 512x5fi®els) of the
left coronary tree were acquired for ve patients enrolledn a clinical research pro-
tocol approved by the NIH safety review board. The patients werasked to suspend
their breathing immediately prior to the contrast injection. The orientation of the
imaging planes was unconstrained and selected to maximize sgpi@n of the arter-
ies on the projection images. Later, the imaging system was rented to the same
con gurations used during the acquisition of patient data, ad images of a calibra-
tion grid and a phantom were acquired. As described in Section23 a calibration
grid of radio{opaque beads was imaged while a xed to the imag intensi er (I1); the
plastic rectangular phantom containing nine metal beads wasnaged at a location
approximating the patient's heart.

The ultimate goal of the proposed algorithm is its applicatin to tracking the
coronary arteries in clinical angiograms. Unfortunately, bmause the true 3D motion
of the coronary tree is not known, the use of a 3D metric is not gsible. Instead, the
error is quanti ed in the space of the 2D projection images.

First, the projection angiogram images at timety + t are segmented using the
semi{interactive method described in Section 3.2.3. This sef points representing
the coronary centerlines for projection; is labeledF'. For the transformation M !,
the transformed coronary tree is computed and sampled in 3D witan arc{length
resolution of 1 mm. Each point of the sampled transformed coronatree is projected
onto angiograml; using the 3x4 projection matrix P;. For each projected point, a
2D pixel distance is computed to the closest point ifF!. In order to standardize
results between acquisitions, this distance is converted to tiniheters using the known
intensi er size and magni cation factor for that acquisition. The reprojection error
for M ' is computed as the RMS of the 2D norm distances in both projeotis.

In some patients, the distal coronary vessels disappear from theages, presum-
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ably due to extravascular myocardial compression during systdi@7]. Therefore, any
3D coronary point whose distance to the closest point in both pregtion images is
greater than 10 pixels is discarded. Visual inspection is used torcrm that this
procedure does not eliminate points which belong to mistraell arteries.

4.3.2 Results

Three dimensional models of the left coronary tree were reairucted for ve
patients at end{diastole. The amount of the coronary vasculatre that was recon-
structed varied between patients depending on the patholagil state of the arteries,
and the ability to distinguish corresponding arterial segments the given projection
image pairs. A list of the coronaries reconstructed for each pant is provided in
Table 4.1.

The approximating 3D B{spline curve representation of the camnaries was con-
structed with knots spaced at 2 mm intervals along the arc{lertg of the arteries.
The maximum 3D distance error from the approximating B{splineto the discrete
points was 0.6 mm in the ve reconstructions. The static 3D recatruction was re-
projected onto the images and the RMS reprojection error waslculated using the
method described in Section 4.3.1. For each of the ve patiesitthe reconstruction's
reprojection RMS error was 0.2 mm. This error can be partiall attributed to the
semi{interactive arterial segmentation step where the centimne positions are rounded
to the nearest whole pixel.

Motion tracking was performed over one cardiac cycle, whictanged between
9 and 15 frames in the ve data sets. The mean displacement (one standard
deviation) of the coronary tree between successive image frasweas 5.0 4.0, 5.2 3.1,
55 2.8, 7.1 4.4, and 7.4 4.3 pixels. The rst iteration for each motion model
operated on the potential map smoothed using a Gaussian kernelthva standard
deviation, , of 4 pixels; the procedure was terminated when = 0:5 pixels. Two
of the patients required an additional pre{iteration of therigid motion model with a
smoothed potential map using = 8 pixels in order to capture the rapid motion of
their arteries.
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Patient | Reconstructed Coronary Segments

LM, LAD, LCx, OM1 *, OM2

LM, LAD, D17, LCx, OM1

LM, LAD, D1, D2, D3, LCx, OM1, OM2*
LM, LAD, D1, D2, LCx

LM, LAD, D1, D2, OM1, OM2*

a b~ wdNPEk

Table 4.1: Coronary artery segments reconstructed for each tpnt. (LM=left
main, LCx=left circum ex, LAD=left anterior descending, D=d iagonal, OM=0obtuse
marginal) (* indicates additional unnamed daughter branches)

Patient | Tracked | Mean Number of Iterations/Frame
Number | Frames | Rigid A ne B{solid

1 13 60 14| 75 30 115 28
2 12 57 20| 79 24 136 59
3 15 99 333|106 37 127 73
4 10 72 19| 99 22 142 34
5 14 91 20| 86 25 119 31

Table 4.2: Number of iterations required for interframe corergence of the motion
tracking algorithm in 5 patient datasets
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An 8 8 8 control point grid was used for the B{solid motion model in alpatients.
For the rigid motion model, the coe cients of equation (4.9)were:!; =1, !, =0,

I 3 = 0. For the a ne motion model, the coe cientswere: ! 1 =1, !,=0:05,! 3=0.
For the B{solid motion model, the coe cients were:! ; =1, ! , =0:001,! 3 =0:0001.

Tracking results for one of the patients are presented in Figar4.6. The recovered
motion models are applied to the 3D coronary tree reconstruad at end{diastole,
and the results are reprojected on the angiogram images. Theplaine image pairs
correspond to images during the atrial contraction (top row)during the ventricular
contraction (middle row), and at the next end{diastolic phasgbottom row).

Table 4.2 summarizes the number of iterations required forterframe convergence
of each motion model for the ve datasets. The increased numbef terations re-
quired for the rigid motion model in patients 3 and 5 correspahto the extra iteration
with the larger spatial smoothing kernel of 8 pixels describedrgviously. Figure 4.3
shows the system energy as a function of the iteration number fore frames in one
patient. The largest drops in the system energy occur during thaitial rigid registra-
tion steps and during the B{solid tracking procedure. The engy increases observed
at the transitions between the di erent motion models is due @ the larger spatial
smoothing used for the initial recovery phase of each motion meldas part of the
multiresolution tracking strategy (see Section 4.1.2).

The RMS reprojection errors for the tracked arteries of theve patients are pre-
sented in Figure 4.4. Because of the di erent heart rates, the & patients' results are
rescaled temporally and plotted over one cardiac cycle. Sulidlimeter RMS errors
were observed in 93% (54/58) of the tracked biplane image psirln Figure 4.5, the
RMS reprojection error for one patient is plotted together vith the average magnitude
of 3D displacements from end{diastole of sampled points on theronary tree.

Following recovery of the motion transformations for the vedata sets, the validity
of equation (4.8) was assessed. In the rst case, the 3D B{spline coeoy tree was
sampled at timetg, and the samples were subsequently transformed to timig+ t. In
the second case, the control points of the 3D B{spline coronaryete were transformed
from time ty to time tg + t and then sampled. The 3D displacement errors between
the two cases were quanti ed on a point by point basis, and were dar 0.1 mm in all
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Figure 4.3: Convergence plots for ve interframe motion treking steps in the clinical
coronary angiogram dataset of one patient. Two circular magkon each curve indicate
the transition between the rigid and a ne motion tracking, and between the a ne
and B{solid motion tracking steps. The energy increases observatithe transitions
between the di erent motion models is due to the larger spatlasmoothing used for
the initial recovery phase of each motion model as part of theuttiresolution tracking
strategy.
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Figure 4.4: The RMS reprojection errors following trackinghrough one cardiac cycle
in ve patient data sets.
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Figure 4.5: In one patient, the mean 3D displacement (dashead) from end{diastole
of points on the coronary tree are shown in comparison to the maaed RMS repro-
jection error (solid line). Error bars show one standard deviain of the 3D displace-
ments. The rst image frame represents end{diastole, and the 14aimes span one

cardiac cycle.
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Figure 4.6: Tracking results for one patient over one cardiaxycle. The biplane image
pairs correspond to atrial contraction (top row), systole (midle row) and end-diastole
(bottom row).
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patients throughout the cardiac cycle. The results are not wxpected as the density
of the control points of the 3D coronary B{splines are much higer (every 2 mm along
the arc{length) than the B{solid control point density (between 10-20 mm).

These algorithms were implemented iMatlab  (MathWorks, Inc.) and the ve
data sets were processed on computers running Linux, with Peumtn I1l processors
operating between 0.75 and 1 GHz. The mean running time for moh recovery for
one time frame was 155 minutes (= 58 minutes). Reimplementation in a compiled
language, with more e cient use of memory, is needed to redu@xecution times for
clinical application.

4.4 Discussion

This chapter demonstrates the success of a 3D method for recangrthe motion of
the left coronary artery tree in biplane angiograms of patigs with a history of severe
cardiac disease, including myocardial infarcts and di use conary artery disease. The
algorithm's generality allows its performance in trackinghe right coronary artery to
be evaluated. However, combining the motion of the two artaal trees into one B-
solid deformation eld would be complicated by any respiratgr and patient motion
between the two contrast injections.

The experiment performed using the vascular phantom furtheralidates the per-
formance of the motion tracking algorithm. The measured 3D RB errors for the
tracked models were similar to the 3D reconstruction error, dicating that the al-
gorithm performs exceptionally well. The residual errors nyabe due to variability
in the manual segmentation of the centerlines from the MR ima&g, or an imperfect
calibration of the angiography system.

The coronary tree is treated as a whole, with no special emphagiven to vessel
bifurcations. This obviates the di culty of explicitly iden tifying bifurcations, which
can be obscured by overlapping vessels. In some cases, the two darglessels
emanating from a bifurcation may overlap each other in the jection image, causing
the point of bifurcation to appear more distal than its true pgition.

Previously published 3D coronary motion tracking methods [8@7] have treated
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the position of each arteries' B{spline control points as indegndent variables to
be optimized, and have constrained the solution space usiagpriori knowledge of
coronary motion [88]. The method presented in this chapter foulates the motion
tracking problem as a warping of the space iR® spanned by the 3D coronary model.
The variables being optimized are the parameters of the 3Dgid body and ane
transformations, and the control points of the B{solid. These,n turn, generate a
motion eld which moves the coronaries in a spatially coherémqmanner. Except for
the assumption that the motion of the arteries varies smoothlyver R3, no prior
knowledge about the coronary anatomy or motion is required.

The motion of nearby arteries, in a 3D sense, can be implicitly useo facilitate
convergence to the correct solution. Consider the case of traalf an artery through
a multivessel overlap in the projection images. In subsequent texframes, when the
arteries separate in the projection images, one of two or morgeries must be chosen
as the correct artery to follow. Tracking of a neighboring dery, unambiguously
resolvable in the projection images, would act to constrain theacking procedure of
the rst artery. The spatial regularity of the warping of R3, imposed by the B-solid,
guides the selection of the correct post{occlusion artery to dck.

As described in Section 4.1.2, the motion of the coronary aries is recovered one
frame at a time. The jagged reprojection error plots of Figw 4.4 suggest that the
recovered transformations do not capture the temporal regaiity typical of physio-
logical motion. An extension to the method presented in this clmer calls for the
implementation of temporal continuity of the rigid and a ne motion models and the
use of four dimensional tensor product B{splines. However, temgadrdiscontinuities
are expected during the cardiac cycle, particularly betweethe systolic and diastolic
phases. This knowledge would have to be embedded in the temgdoragularizing
functions, in order to be able to correctly capture rapid mobtn changes.

Motion tracking with temporal continuity will also provide a framework to over-
come inconsistencies due to the non{synchronous nature of sompldne imaging
systems which acquire the two image planes in a temporally imteaved mode. In the
current implementation, a given biplane image pair is assumdd be acquired syn-
chronously, when there is in fact a 16 millisecond temporal o s&etween the images.
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Rapid motion may produce irreconcilable observations in thievo views, which would
interfere with convergence of the motion tracking procederfor that time frame. Us-
ing temporally continuous motion models will allow each inge to be assigned its
correct temporal index.

The RMS reprojection errors of the ve patients show a charaetistic pattern of
increasing during systole and decreasing into diastolic relaxah. There are two fac-
tors which may contribute to this observation. First, the defomation of the coronary
arteries over the cardiac cycle, especially in patients withighly tortuous vasculature,
may be too localized to be adequately modeled using the 8 8 control point grid
used for the B{solid motion model in these experiments. This coml point density
was chosen based on experiments for recovery of myocardial motfrom tagged mag-
netic resonance images [98]. However, the use of more dense obptint grids was
avoided because of the prohibitive computation times giverhé current implementa-
tion. In lieu of increasing the control point density, a deforrable models method may
be considered as a nal step for capturing highly local shape ahges.

A second explanation is linked to the observed disappearancetbé distal parts
of the coronary arteries during systole. Physiologically, esdvascular compression of
the intra{myocardial arteries can lead to their collapse orad a reversal of ow in the
coronaries during systole [97]. For example, in Figure 4.6,stil coronary segments
visible in the end{diastolic images (rows 1 and 3) disappear irhé systolic images
(row 2). The disappearance of vessels during part of the cardiegcle might cause the
3D coronary model to be erroneously attracted to nearby artexs or other rectilinear
structures. On the other hand, the absence of nearby attractovgould lead to the loss
of local deformation information due to the lack of image faes at the distal points;
the distal segments would then be subjected to only the globallecovered motion
of the coronary tree. In general, the distal parts of the coraries are less important
for interventional purposes, but the use of temporally continous motion models may
help overcome their periodic disappearance.

The quality of the motion tracking algorithm is ultimately tied to the quality of
the algorithm used to detect vessels in the angiograms. As descdbe Section 3.2.3,
a multiscale method based on graylevel second derivatives is dige automatically
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detect rectilinear structures in the images [99]. The deteicin of the larger proximal
vessels would be improved with the use of larger scales of detexti However, at
larger scales, the erroneous detection of background struatgrsuch as ribs, vertebrae
and the diaphragm, and the merging of neighboring small vessélscomes more prob-
lematic. In practice, the set of Iter sizes used for each pati¢rshould be optimized
for the given imaging conditions, or an alternative vessel deteon method could be
explored.

4.5 Conclusion

A 3D method for tracking the motion of coronary arteries in a Iplane angiogram
sequence has been presented. A registration framework receviére motion one cine
phase at a time, using a set of coarse{to{ ne motion models. This 3@pproach
provides a spatially coherent method for tracking the artees through projective
occlusions, and allows the use of true 3D regularizing constresnon the temporal
evolution of the vessels. Finally, e cacy of this method has beedemonstrated in a
deforming vascular phantom, and by successfully tracking theftecoronary tree over
one cardiac cycle in ve patient image sets.



