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ABSTRA CT

A method for 3D temporal tracking of a 3D coronary tree model through a sequenceof biplane cineangiography
images has been developed. A registration framework is formulated in which the coronary tree centerline
model deforms in an external potential ¯eld de¯ned by a multiscale analysis responsemap computed from the
angiogram images. To constrain the procedure and to improve convergence,a set of three motion models is
hierarchically used: a 3D rigid-body transformation, a 3D a±ne transformation, and a 3D B-spline deformation
¯eld. This 3D motion tracking approach has signi¯cant advantagesover 2D methods: (1) coherent deformation
of a single 3D coronary reconstruction preserves the topology of the arterial tree; (2) constraints on arterial
length and regularity, which lack meaningin 2D projection space,are directly applicable in 3D; and (3) tracking
arterial segments through occlusionsand crossingsin the projection imagesis simpli¯ed with knowledgeof the
3D relationship of the arteries. The method has beenapplied to patient data and results are presented.
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1. INTR ODUCTION

As early as1971,Kong1 proposedquantifying regional myocardial performanceusing the 3D motion of coronary
artery bifurcations as observed in X{ra y angiograms. Over the last ten years, researchers have begun using re-
constructions of the entire 3D coronary tree to describe the motion and function of the left ventricle epicardial
surface.2{4 These3D+t (three-dimensional plus time) reconstructions of the coronary tree can provide quan-
titativ e information about vessellengths, volume and °ow measurements5, 6 at di®erent phasesof the cardiac
cycle, as well as providing quantitativ e descriptions of stenosesmorphology.7 Taken together, the motion and
morphology of the coronary arteries are important determinants in cardiovascular diseasediagnosis, therapy
planning and outcome assessment.

Traditionally , the temporal evolution of the 3D coronary tree is recovered by tracking the motion of the center-
lines in the 2D projection images,and subsequently , independently reconstructing the 3D representation at later
time frames. Optical °ow,8 binary image elastic registration,9 Kalman snakes,10 and local spacesearch and
graph minimization 11 methods have beenusedto track the vascular motion in the projection images. However,
these 2D tracking methods have several limitations. For example, reconstruction ambiguities can arise when
tracking vesselsinto regions of multiple vesseloverlap, which may lead to structural di®erencesbetween the
3D models reconstructed at di®erent time frames. In addition, imposing true regularization constraints on the
shape and length of the deforming 3D structure is not possiblewhen tracking in 2D.

Making the transition to 3D, Ruan12 proposedcombining optical °ow deriveddisplacement information from two
projection imagesto displacea given coronary tree model in 3D space.Bascle13 described the useof deformable
3D B{spline curvesfor segmenting objects in a stereoimagepair, an idea which hasbeenapplied to the coronary
arteries by Ca~nero.14 In this paper, we further develop the 3D approach for tracking a coronary tree model
through a biplane cineangiography image sequence.We proposea 3D registration framework for tracking the
motion of a 3D coronary artery model, guided by an external force ¯eld derived from the projection images,and
internal forces which regularize the coronary morphology and motion in 3D. We use a coarse{to{¯ne motion
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tracking approach to match the deforming coronary model to the imagesof the cineangiogramsequenceusing
a global 3D rigid body transformation, a global 3D a±ne transformation, and a local 3D B{spline (B{solid 15)
deformation ¯eld.

2. METHODS

2.1. Imaging proto col

All images were acquired using a Philips BH5000 biplane cardiovascular angiography system. For each of 5
patients, a biplane sequenceof imagesof the opaci¯ed left coronary artery tree during 3-4 cardiac cycleswas
acquired during suspendedrespiration. The position of the imaging arms was not constrained, and varied from
patient to patient to maximize separation of the arteries on the projection images. The frame rate of each
imaging plane was 15 frames per second.

Following the patient's departure from the imaging suite, the imaging system was reoriented to the samecon-
¯guration used during the acquisition of patient data, and imagesof a calibration grid and a phantom were
acquired. The calibration grid, a plastic plate (23x23x0.2cm) of radio{opaque beads(1 mm diameter, 1 cm hor-
izontal and vertical spacing)was imagedwhile a±xed to the imageintensi¯er. The plastic rectangular phantom
(4.9x6.73x2.49cm) containing nine metal beads(3.18 mm diameter) was imaged at a location approximating
the patient's heart.

2.2. Geometric Distortion Correction and Validation of Imaging Geometry

Imagesacquired using standard X{ra y equipment typically su®erfrom two independent geometric distortions:
(1) the curved faceof the image intensi¯er generatesa pincushion distortion, which is observable asa stretching
in the periphery of images;and (2) the interaction of the Earth's magnetic ¯eld with the electronsin the image
intensi¯er unit generatesan imager{orientation dependent S-shaped distortion. Imagesof the calibration grid
a±xed to the faceof the image intensi¯er are usedto compensatefor thesedistortions.

The sub{pixel location of the grid's beadsare automatically identi¯ed using a combination of greylevel thresh-
olding, morphological operations, and an intensity weighted centroid calculation. Subsequently , the undistorted
bead locations over the entire imageare hypothesizedfrom the observed beadpositions in the center of the dis-
torted image, using the assumption that the geometric distortion is minimized at the image center (Figure 1a).
Two polynomials are used to independently model the distorted xd and yd bead coordinates as a function of
the undistorted bead position (xu ,yu ):

xd =
NX

i =0

MX

j =0

Pi;j (xu ) i (yu ) j yd =
NX

i =0

MX

j =0

Qi;j (xu ) i (yu ) j

where Pi;j and Qi;j are the coe±cients of the degreeN; M bi{p olynomials. Using the matched distorted and
undistorted bead positions over the entire image, a systemof linear equations is constructed and solved by QR
factorization to recover the coe±cients Pi;j and Qi;j .

In practice, ¯fth degreebi{p olynomials are used to calculate the distorted position corresponding to an ideal
pixel position, and the corrected image is generatedby bilinear interpolation of the original distorted image at
that position. For ¯v e di®erent orientations of the image intensi¯er, the degree¯v e bi{p olynomials were able
to ¯t the geometric distortion with an average2D norm error of lessthan 0.2 pixels, and a sub{pixel maximum
error.

This approach is able to reliably correct high{order geometricdistortion, but becausethe undistorted positions
of the beadsare computed from the central imaged beads, this method cannot recover low{order distortions
a®ectingthe entire image,which may include bulk 2D translation and rotation. Reconstruction of the phantom,
and comparison with its known geometry, is used to validate the imaging geometry, as provided in the image
headers,and to recover any global image distortions.

A non{linear least squaressolver is usedto ¯nd the in{plane rotations of the two imaging planesand the 2D in-
plane translation of one imaging plane, which minimize the reprojection errors of the phantom (Figure 1b) and
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the 3D error of the reconstructedphantom with respect to the known phantom geometry. After optimization of
theseparameters,for each of the four imaging con¯gurations usedto acquirepatient data, the RMS reprojection
error of the phantom reconstruction was lessthan 0.4 pixels, and the RMS 3D error was lessthan 0.6 mm.

(a) (b)
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Figure 1. (a) The positions of the undistorted beads(+) calculated from and superimposedon an image of the calibration
grid (0o LA O/RA O, 0o Cranial/Caudal, 1058 mm SID). (b) Reprojections of a reconstructed phantom before (dashed
line) and after (solid line) correcting for low{order image distortion.

(a) (b)

Figure 2. An example projection image (a) of the left coronary tree (45o RAO, 0o Cranial/Caudal, 1044 mm SID)
and its corresponding maximum multiscale responsemap (b). The multiscale analysis retains rectilinear structures and
removes planar structures such as the diaphragm and ribs.
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(c)

Figure 3. RAO (a) and LA O (b) projections of the left coronary tree at end diastole. In (c), a wide{eyed stereogram
of the reconstructed arteries.

2.3. Reconstruction of a 3D Coronary Tree

Our method for 3D temporal tracking of the motion of the coronariesthrough a biplane cineangiogramimage
sequencerequires an a priori 3D model of the coronary tree (Figure 3). For each patient, this model is recon-
structed at one time frame at the end of diastole using an extensionof the technique developed by Mourgues.16

The angiogram imagesare ¯rst processedwith a set of multiscale ¯lters. The maximal responseover the set of
¯lters is stored as the maximum responsemap for that image, and by thresholding, provides a noisy segmen-
tation of the coronary centerlines (Figure 2). A semi{interactive tool is used to manually draw the arteries on
the projection images,using the maximum multiscale responsemap to constrain the procedure.

The 2D centerlines are converted to a B{spline representation and are hierarchically organized. The epipolar
constraint is usedto de¯ne point to point correspondencesalongthe lengthsof the drawn arteriesusinga dynamic
programming graph search strategy. Finally, a discrete 3D model of the coronary centerlines is reconstructed
by computing the intersections of rays connecting matched projection points with their X{ra y source in a
least{squaressense.

To reduce storage and computational requirements for tracking the motion of the coronaries, the discrete
representation of the tree is converted to a parametric representation. The use of B{spline basis functions
allows for a more compact description of the arterial curves,and provides intrinsic smoothnessto the curves.
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The discretecoronary tree is ¯rst decomposedinto arterial segments f A0; A1; : : :g. A segment, Ak , is de¯ned as
the ordered set of points describing a unique part of the coronary tree such that (1) the segment includes and
is terminated at both extremesby a bifurcation point, or (2) includes a bifurcation point at one extreme and
at the other extreme a leaf or root point of the tree. Thus, each A k = f q0; q1; : : : ; qm k g 2 R3 contains mk + 1
discrete points representing an arterial segment. To each ordered set of points, A k , we ¯t an approximating
spline curve C k (u) 2 R3, using a chord length parameterization of Ak , so that

©
C k (u) j u 2 [0; 1]

ª
¼ Ak :

Speci¯cally, C k (u) is a 3D B{spline curve de¯ned as

C k (u) =
n k ¡ 1X

i =0

B i;p (u)V k
i (1)

where the f V i g 2 R3 are the nk control points, and the f B i;p g are the pth degreeB-spline basis functions.
Using the length (m + 1) non{periodic and non{uniform knot vector, where m = nk + p + 1, and

U k = f 0; : : : ; 0
| {z }

p+1

; up+1 ; : : : ; um ¡ p¡ 1; 1; : : : ; 1
| {z }

p+1

g;

the valuesat the endsof the curve are constrained so that

C k (0) = V k
0 = (q0 2 Ak )

C k (1) = V k
n k

= (qm k 2 Ak ):

This strategy allows us to maintain C0 continuit y betweena parent artery, Ak , and a child artery, A j , by forcing
them to sharea control point:

C k (1) = C j (0) if V k
n k

= V j
0:

In practice, we usecubic B{spline basis functions (p = 3, C2 continuit y) for all artery segments, and maintain
C0 continuit y acrossthe bifurcations.

2.4. Motion Mo dels
The goal of our motion tracking algorithm is to recover the transformations M t : R3 ! R3, which map any
point q on the coronary tree at time t0, to the point's position at time t0 + t,

qt = M t (q):

We adopt a hierarchical coarse{to{¯ne approach for recovering the transformation M t . In this section, we
describe the three motion modelsweuseto recover the motion of the coronaries:a 3D rigid body transformation,
a 3D a±ne transformation, and a B{solid deformation ¯eld.

2.4.1. 3D Rigid Bo dy Transformation

The classof 3D rigid body transformations describesmotion of a non{deforming object in R3 using six degrees
of freedom: three anglesof rotation, and three translation parameters. The transformation of a point q at time
t0 to its position qt at time t0 + t can be written as

M t
R (q) =

2

6
6
4

Rt Tt

0 0 0 1

3

7
7
5

2

6
6
4

q

1

3

7
7
5

where in R3, Rt is a 3x3 rotation matrix with Euler angles (µt , Át , Ãt ) and Tt = (¢ x t ; ¢ yt ; ¢ zt )T is a 3D
translation vector. The useof Euler anglesis justi¯ed since the magnitude of the rotations are expected to be
small. BecauseB{splines are invariant under rigid transformation, we can write the rigid body transformation
functional of the curve C(u) from equation (1) as

M t
R [C] =

n ¡ 1X

i =0

B i;p (u)M t
R (V i ) : (2)
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2.4.2. 3D A±ne Transformation

The class of 3D a±ne transformations describes motion of a non{rigid object in R3 using twelve degreesof
freedom. The transformation of a point q at time t0 to its position qt at time t0 + t can be written as

M t
A (q) =

2

6
6
4

A t Tt

0 0 0 1

3

7
7
5

2

6
6
4

q

1

3

7
7
5

where in R3, A t is a 3x3 matrix with nine free parameters (a11; a12; a13; : : : ; a33) and Tt = (¢ x t ; ¢ yt ; ¢ zt )T is
a 3D translation vector. The matrix A t can be decomposedinto three rotations, three scalefactors, and three
shears.BecauseB{splines are invariant under a±ne transformation, we can write the 3D a±ne transformation
functional of the curve C(u) from equation (1) as

M t
A [C] =

n ¡ 1X

i =0

B i;p (u)M t
A (V i ) : (3)

2.4.3. B{solid Transformation

A B{solid transformation is used to model local deformations of the coronary arteries. The B{solid structure
is the dimension three analog of the one dimensional B-spline curve, and the two dimensional B-spline ten-
sor product surface. We de¯ne the 3D B-spline deformation ¯eld D t : R3 ! R3 which, for a point on the
coronary tree at t0, provides the 3D displacement vector to the point's position at time t0 + t. For a point
q = (qx ; qy ; qz ) 2 R3 at time t0, we can write

D t (q) =
n i ¡ 1X

i =0

n j ¡ 1X

j =0

n k ¡ 1X

k=0

B i;p (qx )B j ;p (qy )Bk ;p (qz )St
ij k

where the f St
ij k g 2 R3 are the ni £ nj £ nk control points, and the f B¢;pg are the pth degreeB-spline basis

functions. The control point density is directly proportional to the amount of local deformation that can be
represented by the B{solid. By using cubic B{spline basisfunctions (p = 3), C2 continuit y of the deformation
¯eld is maintained over the B{solid volume. Each B{spline basis function is de¯ned on a uniform knot vector
over the coronary tree range in that dimension. Finally, the B{solid transformation of a point q at time t 0 to
its position qt at time t0 + t can be written as

M t
B (q) = q + D t (q) :

We approximate the B{solid transformation functional for the curve C(u) from equation (1) as

M t
B [C] =

n ¡ 1X

i =0

B i;p (u)M t
B (V i ) : (4)

2.5. Motion Tracking

A registration framework is adopted to recover the set of transformations f M t : t = 1; 2; : : : g which register the
3D coronary tree from time t0 with the observed projection imagesat time t0 + t. To recover the transformation
M t , we describe a system composedof a 3D coronary tree de¯ned at time t0, the motion transformation M t ,
and a biplane angiogram image pair at time t0 + t. To quantify the quality of the transformed coronary tree's
¯t to the projection images,we de¯ne an energymeasurefor our system,

E total = ¡ ! 1Eexternal + ! 2Earteries + ! 3Ebsolid (5)

which is a weighted sum of an external angiographic{image derived energy term, an internal arterial energy
term, and when solving for the B{solid transformation, an internal B{solid energy term. Motion tracking aims
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at recovering the \b est" transformation, M t , which minimizes the energyfunctional de¯ned in equation (5) and
nulls its derivative taken with respect to the transformation,

@E total

@M t = ¡ ! 1
@Eexternal

@M t + ! 2
@Earteries

@M t + ! 3
@Ebsolid

@M t = 0:

To solve for M t at time t0 + t, the rigid transformation, M t
R , is recovered ¯rst, and usedto initialize the search

for the a±ne transformation, M t
A . Then, M t

A is usedto initialize the recovery of the B{solid deformation ¯eld,
which is the ¯nal transformation (M t = M t

B ). Finally, M t , the recovered transformation at time t0 + t, is used
to initialize the search for M t +1 .

2.5.1. External Energy

The external energy is calculated using a potential map, R i , computed for the projection X{ra y angiography
image, I i , using the multiscale responsemethod described in Section 2.3. For a given motion functional, M t ,
and a set of curvesde¯ning the 3D coronary tree at time t0, f Ca(u)g, we integrate the valuesof the potential
¯eld of the projected transformed curvesalong their 3D arc{length and normalize by the length of the coronary
tree and the number of projections,

Eexternal =
³

np

n aX

a=1

L
£
Ĉa

¤́ ¡ 1
n pX

i =1

n aX

a=1

Z L [Ĉ a ]

0
Ri

¡
xa

i (s); ya
i (s)

¢
ds (6)

where np is the number of projection images, na is the number of arteries in the 3D coronary tree model,
and the transformed coronary B{spline curve Ĉa = M t [Ca ] is itself a B{spline curve with control points
V̂ i = M t (V i ) (seeeqns.2, 3, 4). The functional L calculatesthe arc{length of a 3D B-spline curve de¯ned over
the parametric interval [0; 1] by evaluating

L [Ca ] =
Z 1

0
kC0

a(u)k du: (7)

Finally, xa
i (u) and ya

i (u) are the projection coordinates of Ĉa on the i th projection image. Given the 3x4
projection matrix, P i , which de¯nes the projection of the 3D model coordinates to local image coordinates for
image i , the projected transformed coronary 3D B{spline can be written in homogeneouscoordinates as

P i M [Ca ] = P i Ĉa(u) =
n ¡ 1X

j =0

B j ;p (u)P i V̂ j :

The non{homogeneouscoordinates of the projected curve can be expressedas two non{uniform rational B{
splines(NURBS),

x i (u) =

P n ¡ 1
j =0 B j ;p (u)(P i

1;1V̂ x
j + P i

1;2V̂ y
j + P i

1;3V̂ z
j + P i

1;4)
P n ¡ 1

j =0 B j ;p (u)(P i
3;1V̂ x

j + P i
3;2V̂ y

j + P i
3;3V̂ z

j + P i
3;4)

yi (u) =

P n ¡ 1
j =0 B j ;p (u)(P i

2;1V̂ x
j + P i

2;2V̂ y
j + P i

2;3V̂ z
j + P i

2;4)
P n ¡ 1

j =0 B j ;p (u)(P i
3;1V̂ x

j + P i
3;2V̂ y

j + P i
3;3V̂ z

j + P i
3;4)

Sincethe arc{length reparameterization of a B{spline curve can be written as

s(C; u) =
Z u

0
kC0(~u)k d~u

ds(C; u)
du

= kC0(u)k

and if we assumethat the length of a coronary artery changesminimally , we can make the assumption that
L

£
Ĉa

¤
¼ L

£
Ca

¤
which simpli¯es equation (6) to

Eexternal =
³

np

n aX

a=1

L
£
Ca

¤́ ¡ 1
n pX

i =1

n aX

a=1

Z 1

0
Ri (xa

i ; ya
i ) kĈ0

a(u)k du :
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2.5.2. Arterial Energy

The internal arterial energy is a regularizing term which prevents large changesin the lengths of the arteries
f Ca(u)g due to the transformation M t ,

E in ternal =
n aX

a=1

h
L

£
M t [Ca ]

¤
¡ L

£
Ca

¤i 2

where na is the number of arteries in the 3D coronary tree model, and L is the arc{length functional de¯ned in
equation (7).

2.5.3. B{solid Energy

The internal B{solid energy term is usedto regularize the valuesat neighboring control points in the B{spline
grid. Its use is basedon the assumption that, in general, the motion of the coronariesis spatially continuous.
Therefore, the energy of the B{solid structure is de¯ned as a 3D Laplacian operator, and normalized by the
number of control points in the B{solid,

Ebsolid =
1

ni nj nk

n i ¡ 1X

e=0

n j ¡ 1X

f =0

n k ¡ 1X

g=0

h 1X

i = ¡ 1

1X

j = ¡ 1

1X

k= ¡ 1

w i;j ;k ¢St
e+ i;f + j ;g+ k

i 2
:

w is a 9x9x9 spatial weighting kernel where w i;j ;k =
£
wi;j ;k wi;j ;k wi;j ;k

¤
, and

wi;j ;k =

( p
ji j + jj j + jkj; if i; j ; k 6= 0

¡
P 1

p;q;r = ¡ 1

p
jpj + jqj + jr j; if i; j ; k = 0

2.6. Quan tifying the Error of the Recovered Transformation

After recovering a transformation M t , an independent quantitativ e assessment of its error is computed. Since
the true 3D transformation of the coronary tree is not known, the useof a 3D metric is not possible. Instead,
we quantify the error in the spaceof the 2D projection images.

First, the projection angiogram images at time t0 + t, are segmented interactively using the semi-automatic
multiscale method described in Section 2.3. This set of manually de¯ned points representing the coronary
centerlines for projection i is labeled F i .

For the transformation M t , the transformed coronary tree is computed and sampled in 3D with an arc{length
resolution of 1mm. Each point of the sampledtransformed coronary tree is projected onto the angiogramview i
using the 3x4 projection matrix P i . Finally, for each projected point, a 2D pixel distance is computed to the
closestpoint in Fi , and converted to millimeters using the known intensi¯er size and magni¯cation factor for
that projection.

During systole, the distal parts of the arteries disappear from the images, probably due to their collapse
secondaryto high intraventricular pressure. Therefore, any 3D coronary point, whosedistance to the closest
point in both projection imagesis greater than 10 pixels, is discarded. Visual inspection is usedto con¯rm that
this proceduredoesnot throw out points which truly belong to mistracked arteries.

The reprojection error for M t is computed as the RMS of the 2D norm distancesin the biplane views.

3. RESUL TS

The motion of the coronary arteries was tracked in ¯v e patient data sets. The 3D coronary tree models were
reconstructedat end{diastole and tracked through onecardiac cycle, which rangedbetween9 and 15 framesfor
the ¯v e data sets. For each motion model, the procedurewas allowed to convergeon a set of smoothed versions
of the multiscale responsemaps, with standard deviations of the Gaussiankernel corresponding to ¾= 4, 2, 1,
and 0.5 pixels. Two of the patients required an additional pre{iteration using the rigid motion model with a
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500Figure 4. Tracking results for onepatient over onecardiac cycle. The biplane imagepairs correspond to atrial contraction
(top row), systole (middle row) and end-diastole (bottom row).
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Mean 3D Coronary Displacement and RMS Reprojection Error in One Patient

Figure 5. (a) The RMS reprojection errors following tracking through one cardiac cycle in ¯v e patient data sets. (b)
In one patient, the mean 3D displacements of the coronary tree (error bars represent one standard deviation) from
end-diastole are computed, and shown in comparison to the measuredRMS reprojection error.

smoothed potential map using ¾= 8 in order to capture the rapid motion of their arteries. An 8x8x8 control
point grid was used for the B{solid motion model in all patients. For the a±ne motion model, the coe±cients
of equation (5) were: ! 1 = 1, ! 2 = 0:05, ! 3 = 0. For the B{solid motion model, the coe±cients were: ! 1 = 1,
! 2 = 0:001, ! 3 = 0:0001.

Tracking results for one patient data set are presented in Figure 4. The recovered motion models are applied
to the 3D coronary tree reconstructed at end{diastole, and the result is reprojected on the angiogram images.
The biplane image pairs correspond to imagesduring the atrial contraction (top row), during the ventricular
contraction (middle row), and at the next end{diastolic phase(bottom row).

The RMS reprojection errors for the tracked arteries of the ¯v e patients are presented in Figure 5a. Because
of the di®ering heart rates, the ¯v e patients' results are rescaledtemporally and plotted over one cardiac cycle.
In Figure 5b, the RMS reprojection error for one patient is plotted together with the averagemagnitude of 3D
displacements of points on the coronary tree from end{diastole.

The motion tracking procedure was implemented in Ma tlab (Math works, Inc.) and the ¯v e data sets were
processedon a number of Linux computers, with Pentium I I I processorsoperating between750MHz to 1 GHz.
The meanrunning time for motion recovery from onetime frame to the next was155minutes (¾= 58 minutes).

4. DISCUSSION

The results we have obtained are encouraging,especially becausethe patient population usedfor this study has
a history of severe cardiac disease,including myocardial infarcts and di®usecoronary artery disease.

Using the method presented in this paper, the motion of the coronary arteries is recovered one frame at a time.
The unsmooth reprojection error plots of Figure 5 suggestthat the recoveredtransformation may not capture the
temporal regularity typically associated with physiological motion. A logical extension of our method calls for
the implementation of temporal continuit y of the rigid and a±ne motion modelsand the useof four dimensional
tensor product B{splines.

However, temporal discontinuities are expected during the cardiac cycle, particularly betweenthe systolic and
diastolic phases. This knowledge must be embedded in the temporal regularizing functions, in order to be
able to correctly capture rapid motion changes. In fact, a priori knowledgeabout the coronary motion can be
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usedto improve convergenceof the tracking procedure,but care must be taken to avoid over{constraining the
procedure,which would make recovery of atypical motion more di±cult.

Motion tracking with temporal continuit y will also provide a framework to overcomeinconsistenciesdue to the
non{synchronous nature of the biplane imaging system. To reduce X-ray scatter, the two imaging views are
acquired at an interleaved 15 frames per second,instead of the 30 frames per secondcommonly usedfor single
plane angiography. In this paper, a given biplane image pair is assumedto be acquired synchronously, when
there is in fact a 16 millisecond temporal o®setbetweenthe images. Rapid motion may produce irreconcilable
observations in the two views, which would interfere with convergenceof the motion tracking for that time
frame. Using temporally continuous motion models will allow each image to be assignedits correct temporal
index.

The RMS reprojection errors of the ¯v e patients show a characteristic pattern of increasing during systole
and decreasinginto diastolic relaxation. We discusstwo di®erent hypothesesfor explaining the increasederror
during systole. One hypothesisis that localizeddeformation of the coronary arteries during systole,especially in
patients with highly tortuous vasculature,cannot beadequatelydescribedusingthe 8x8x8control point grid used
for the B{solid motion model in theseexperiments. This density waschosenbasedon experiments for recovery of
myocardial motion from taggedMR images,17 but may not besu±cient for describingthe coronary deformation.
However, the use of more densecontrol point grids was avoided becauseof the prohibitiv e computation times
given the current implementation. In lieu of increasingthe control point density, a deformablecontour approach
may be consideredas a ¯nal step for capturing the local conformational changes.

Another hypothesisfor explaining the higher systolic reprojection errorsderivesfrom the observeddisappearance
of the distal ends of the coronary arteries during systole. Physiologically, extravascular compressionof the
intra{m yocardial arteries can lead to their collapseor to a reversal of °ow in the coronariesduring systole. The
disappearanceof the arteries may causetwo problems. First, the lack of an imaged coronary for the motion
model to track, intro duces ambiguit y and may lead to tracking of other structures or of the arteries being
subjected to only the globally recovered motion of the coronary tree. The coronary disappearanceproblem
also complicatesthe RMS reprojection error computation, where a distinction must be systematically made to
retain closestpoint matches that correspond to mistracked arteries, and to exclude closestpoint matches that
are erroneousdue to the inabilit y to manually segment the distal endsof the arteries in the systolic images.

5. CONCLUSION

We have presented a method for 3D temporal tracking of the coronary arteries in a sequenceof biplane an-
giograms. A coarse{to{¯ne approach using three motion models is used to recover the motion from one time
frame to the next. The method has been applied to ¯v e patient data sets, and encouragingresults have been
obtained and quanti¯ed.
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