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Chapter 5

Respiratory Motion of the Heart
from Free Breathing Coronary
Angiograms

This chapter describes a method for measuring the natural tidl@espiratory mo-
tion of the heart from free breathing coronary angiograms. A3 deformation eld
describing the cardiac and respiratory motion of the coronargrteries is recovered
from a biplane acquisition.

A cardiac respiratory parametric model is formulated and usetb decompose the
motion of the arteries into cardiac and respiratory componés. Di erent motion
models { translation, rigid body, and a ne { are tested for their ability to describe
the respiratory motion and/or deformation of the coronary ateries.

The bulk motion of the heart is inferred from the motion of thecoronary arteries,
which branch out and span the epicardial surface of the myocaun, and which are
attached to the underlying muscle through branching vessels wh penetrate the
myocardium.

Work from this chapter was presented at SPIE Medical Imaging 2004 [100], and tathe Soci-
ety for Cardiovascular Magnetic Resonance 2004 Scienti ¢ Meeting [101], and publed in IEEE
Transactions on Medical Imaging [102].



PhD Thesis ¢ 2003 by Guy Shechter. 83

5.1 Methods

5.1.1 Coordinate Systems

A right handed coordinate system coincident with the patiens body is used. The
X axis corresponds to a Left{Right (LR) axis, with +x directed toward the patient's
left. The y axis corresponds to an Inferior{Superior (IS), or caudo-craal, axis, with
+y pointed inferiorly. The z axis corresponds to a Posterior{Anterior (PA) axis with
+ z directed posterior. A +LR rotation is from +IS to +PA, or an infe rior-to-posterior
rotation (cranio-ventral). A +IS rotation is from +PA to +LR , or a posterior-to-left
rotation (antero-dextral). A +PA rotation is from +LR to +IS , or a left-to-inferior

rotation (caudo-dextral).

5.1.2 Imaging protocol

Patients undergoing diagnostic left heart catheterizationvere recruited to partic-
ipate in an IRB approved protocol. All images were acquired oa Siemens biplane
cardiovascular angiography system. A personal computer with gital acquisition
system recorded the ECG, and aimage acquiresignal from the Siemens digital ac-
quisition subsystem. Each dataset recorded a 4-8 second contragéation opacifying
either the left or right coronary artery tree. The patients leceived no instruction re-
garding their breathing. The orientation of the imaging C{ams was not constrained,
and varied from patient to patient. The frame rate was 30 frams per second.

Images of a calibration grid and phantom were acquired withhie imaging system
in the same con gurations used for the acquisition of patient da. Images of the
grid were used to compensate for the geometric distortion of thenage intensi er.
The plastic rectangular phantom (9.8x12.1x3.8 cm) containg 18 metal beads was
reconstructed and compared to its known geometry in order togpimize the imaging
parameters and validate the accuracy of the 3D reconstrucho Further details of
this calibration method can be found in Section 3.2.
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5.1.3 Cardiac Respiratory Phase Plane

Each angiogram image was assigned a cardiac and respiratory gda Cardiac
phase () represents the percentage of the cardiac cycle, with the QRfeak at =
0. Beat-to-beat variations in heart rate were normalized byalculating the systolic
and diastolic intervals using the method of [103]. The systolimterval was then
linearly rescaled between [@:42), which corresponds to the systolic interval of a 60
beat/minute heart rate. The diastolic interval was rescaled btween [042;1). Thus,
each dataset, had a cardiac phase 0 < 1.

Respiratory phase () was measured directly from the images by taking a pro le
through the diaphragm (Fig 5.1). The displacement of the diggragm{lung interface
relative to end{expiration (EE) is used as a measure of respiraty phase. =0 at
EE, and = 1 at end{inspiration (El). The sign of depends on whether it is an
inspiratory (-) or expiratory (+) maneuver.

The cardiac respiratory phase plane (CRPP) is introduced to e understand
and formalize the physiologic motion of the heart (Fig. 5.2a)104]. The cardiac
phase is plotted along the abscissa and the respiratory phase aldhg ordinate axis.
In contrast to the formal de nition of a plane the CRPP is nite and periodic.
The respiratory phase treats the expiratory (lower half of plae) and the inspiratory
portions of respiration separately because of known hysteresisthe motion [105].
Systole comprises the left portion of the plane, with diastoleotthe right.

The CRPP representation of an acquired dataset is shown in Fig.Zb. When
the trajectories extend to the right of the plane, they are waipped back onto the left.
Similarly, the area above wraps to the bottom of the plane.

5.1.4 Motion Tracking in Biplane Cineangiograms

A deforming three dimensional (3D+t) model of the vessels is gerated for each
biplane cine-angiogram dataset. The method for generatindiése 3D+t model is
presented in Chapters 3 and 4, and is brie y summarized here.

First, a static 3D model of the coronary arteries, o is reconstructed at end{
diastole. Using a semi{interactive segmentation tool, a user draathe arterial cen-
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Figure 5.1: (a) Respiratory phase is measured by tracking the ggilacement of the
diaphragm along a pro le in the angiogram images. (b) The disptement of the
lung{diaphragm interface is shown as a function of image nureb for the pro le

shown in (a).
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Figure 5.2: (a) Cardiac Respiratory Phase Plane (CRPP). (b) Te CRPP represen-
tation corresponding to the data of Fig. 5.1 is shown. Becausedliree is not fully

opaci ed at the start and end of the injection, only images wlth can be used for
tracking the motion of the heart are shown. The label \Im N" repesents the N-th

image of the angiogram sequence. The sampling density on thiauypé depends on the
frame rate, heart rate, respiratory rate, and the duration othe contrast injection.
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terlines in one pair of projection images. This process is corahed by a potential
eld generated using multi-scale Iters which detect rectilnear structures such as
vessels [99]. The epipolar constraint is used to de ne point to pt correspondences
between the arteries' two projections, and a tree of 3D cubic Bfline curves is con-
structed using a dynamic programming algorithm [73].

The arterial model ( serves as the initialization for an automatic motion trackigy
algorithm that recovers the motion of the arteries from the ine-angiogram images.
The algorithm computes the transformationsM : R®! R3 which keep the arteries'
projection onto the image planes consistent with the temporgl changing images [79].
If o was reconstructed from image paitp, then the transformationM maps any 3D
point qo 2 o to the point's 3D position consistent with imagetg + t:

dc = M (do; 1); (5.1)

which is also written as
t= M o] (5.2)

to represent the deformation of the whole arterial tree,
To take advantage of the heuristic knowledge that the deforntian eld is spatially
regular, a B{spline parametric deformation eld is used. Specally,

M (g;t) = g+ d(a;t); (5.3)

where
R Gl

d(g;t) = B:p () B (0 ) B () U [t]: (5.4)

i=0 j=0 k=0

d:R3®! R3is a 3D displacement vector generated by a 3D tensor product Bfape
(B{solid), where the fujx [t] 2 R3g are then; n; ny control point vectors for
imaget, and the fb,, : R ! Rg are the pth degree B-spline basis functions [77].
C?2 continuity of the deformation eld is maintained over the B{solid volume by using
cubic B{spline basis functions p = 3). The deformation eld is recovered sequentially
for each biplane image pair using an iterative gradient desdemethod.
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5.1.5 Respiratory motion: Translation, Rigid Body, A ne,

or More?

After tracking the motion of the arteries in each dataset, it ipossible to create a
3D model of the coronary arteries for each image pair in thegdane cine-angiogram.
This set of arterial trees = f (g is generated using Equation (5.2). A 3D RMS
distance can be de ned between two coronary trees in :

v
u
ep( j; k= t %X] Gi Ok (5.5)
i=1
where qg;; is one ofn samples of ; = M [ o;j] and gi; is the matching point in
k=M[ ok]
A subset of coronary trees iastasis at diastasis are identi ed. The subset

corresponds to images found along a vertical line in the CRPFhe tree in  gjastasis
with respiratory phase closest to end{expiration is used as thefezence model, ge.
Computing esp of the other trees in giastasis 10 g Measures the magnitude of the
respiratory motion of the coronaries from EE.

In order to further characterize the motion during respiraton, three di erent
motion models were investigated: (1) a 3D translation motion odel T; (2) a 3D
rigid body transformation R; and (3) a 3D a ne deformation A. The rigid body
motion model includes the translational motion model, as wehs a 3D rotation. The
a ne deformation extends the rigid body motion model with three shear and three
scale parameters.

For some coronary tree | 2 giastasis » there is an optimal 3D translation which
registers j with gg:

er( ee; j)=arngin ep( ee;T[ D) (5.6)

whereT[ ;] is the 3D translation of coronary tree . The transformation T can be
recovered with a closed form linear least squares method since hairwise matching
of points between ; and gg is known (remember: both trees are related to
by M ). Thus, er is a measure of the residual error after optimal registration dafvo
coronary trees using a 3D translation motion model.
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In a similar manner, it is possible to de ne the residual error fora rigid body
transformation
er( Ee; j):argFEnin en( ee;R[ j]; (5.7)

and an a ne transformation

ea( ee; j):argl;nin ep( ee;Al j)): (5.8)

5.1.6 Cardiac and Respiratory Parametric Model (CRPM)

The 3D+t coronary deformation eld calculated from the angbgram images cap-
tures the interplay of cardiac and respiratory motion. In or@r to quantify the respi-
ratory motion alone, the deformation eld is parameterizednto independent cardiac
and respiratory components.

Theory

Each control point of the deformation B{solid (see Eq. 5.4) is grameterized sep-
arately. The discrete functionujj [t] describes the i¢j; k )th control point's variation
through the angiogram image sequence. Plotting thg, y, and z components of
Uik [t] as a function of the image numbet reveals that the signal has components
that correlate with the cardiac phase, and an underlying resgatory motion (Fig. 5.3).

Since each image frame is associated with a cardiac and resmrgtphase, the
B-solid control points can be expressed as a function of these pha, where

Uik [ & o Ui [t]: (5.9)

Using the CRPP framework, consider that there exists a functiob (; ) de ned for
all cardiac and respiratory phases, and thatijx [ ; ] is a sampling of that function
for some combinations of cardiac and respiratory phases.

In choosing a modebjj (; ), it should capture the temporal smoothness charac-
teristic of physiologic motion, and display periodicity in thecardiac and respiratory
cycles. The function should support interpolation of the defonation eld at cardiac{
respiratory phase combinations other than those captured in ¢hangiogram. Most
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Figure 5.3: A right coronary artery is shown in relation to itsB{solid. The B{solid
deforms the space and the arteries within, such that the projesd motion of the ar-
teries is consistent with the biplane angiogram images. The y, and z displacements
of one B{solid control point are shown as a function of the anggnam image number.
The plots show four cardiac cycles and a slower respiratory dréfpanning 100 images
(3.3 seconds). The CRPP representation of the data is shown in Fig.2b.
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importantly, the function needs to facilitate the separatim of the cardiac and respi-
ratory motion. For these reasonshjx (; ) is modeled as the sum of two periodic

B{spline parametric functions

rx 1
b (; )= b ()vi;
"?X . (5.10)
+ bm;p ( )Vm+n ;
m=0

wherefv 2 R3%g are then + n control point vectors, and thefb,, : R! Rg are the
pth degree B{spline basis functions. The control points are computed so that

bi ( & ) Uik ( 6 o) (5.11)

for the t, sampled points on the CRPP. Equation (5.10) is the cardiac resptory
parametric model (CRPM), where the rst summation term represats the cardiac
motion, and the second represents the respiratory motion.

Fitting the CRPM

Each spatial dimension of each B{solid control point is t indegndently. For
clarity the second subscript representing polynomial degree tie B{spline basis
function is omitted. Also, the subscriptijk is dropped fromuj , and the solution is
described foru*, the x dimension ofu.

Suppose that there is data fot, + 1 cardiac{respiratory phases

(o 0( 1 10 s ) (5.12)
then, the right side of Eqg. (5.10) can be writter12in matrix form

h iy
BVvX= B |B 4
VX

S (5.13)

where

3
(o) (o) i B 1 o)

2
gtb( 1) bl(-l) o} 1( 1) : (5.14)

(1) bl ) o0 o1 )



PhD Thesis ¢ 2003 by Guy Shechter. 92

2 3
(o) (o) 20 by 1( 0)
gtb( 1) b1( 1) b ()

; (5.15)
o( t,) bl( tn) o0 o bhoa( )
h it
V3= VGV (5.16)
and h it
VX = VX V:1( +1;'::;Vﬁ “Wn 1) : (5.17)
The set of observation are represented as a column vector
h it
U= 0 o; o W[ 25 aliiis W[ t0s 4] (5.18)
so that Eq. (5.11) can be written as
BVX U (5.19)
The linear minimum mean-square estimate o¢¥* is obtained by solving
h [
23Ts+ B™B V* = BTU; (5.20)

whereS'S is a second derivative constraint on the respiratory componenbfV*, and
2 is a parameter that controls the amount of smoothing [106, 1D7 ? is empirically
determined and set to 1 for all the datasets that were analyzedThe smoothing

matrix S is " #
0 0
s= "o (5.21)
where Q , iIsann m zero matrix, andS is then n rst derivative matrix
2 3
1 +41 0 O ::: O
1 +1 0 ::: O
- e (5.22)
1 +1 O
0 1 +1

0O O 1
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In practice, cubic B{spline basis functions were usedg = p =3),with n =10
control points in the respiratory dimension. The number of cdmol points used for
the cardiac motion was calculated using a subset of th&[ ; {] corresponding to
one cardiac cycle. This subset, , was selected so that it captuwlea minimum of
respiratory motion, which for most datasets was possible at end{giration.

was further subdivided by even and oddt into . and ,. A cross validation
technique was used to calculate the optimal number of contrploints n . The values
of u* 2 ¢ were t using the cardiac portion of the CRPM (h =0 in Equation 5.10),
and the RMS error of the t

o<

1 X 2

= QYDA WE (5.23)
i=1

was computed for then samplesu*[ i; ]2 o.

This cross-validation technique creates a parabolic errorration as a function of
cardiac control point number. Increasing the number of conti points initially im-
proves the quality of the t, until a point at which over- tti ng introduces oscillations
which are detected using this cross-validation method. The imction point of the
error function identi es the optimal number of cardiac contol points.

Validating the CRPM

After tting the CRPM to data, a new deformation B{solid can be generated for
any cardiac{respiratory phase combination. The model is valated by generating a
set of B{solids corresponding to the cardiac{respiratory phaseombinations which
are captured in the images. Recalling thaM is the transformation which tracks
the coronary artery tree o through a cine-angiogram dataset, then this new set of
B{solids generated from the CRPM is calledd . Validating the CRPM is performed
by asking whether

2

VI (5.24)
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For angiogram imaget, it is possible to generate two coronary trees; and b,

t M ot] (5.25)
b, = @[ ot (5.26)

A 3D RMS error between the two trees can be quanti ed by comping esp ( ¢; bt).
Taking esp ( ¢; bt) for all the images in a cine-angiogram sequence and compugtin
the mean and standard deviation provides a measure of the abjliof the CRPM
to explain the coronary artery motion that was measured by thenotion tracking
algorithm described in Section 5.1.4.

5.1.7 Measuring Respiratory Motion Parameters

After parameterizing each dataset using the CRPM, it was possible separate
the respiratory and cardiac motions of the heart. A new set of spiration{only B{
solid deformation elds was created by evaluating the CRPM adli erent respiratory
phases, for a constant cardiac phase in diastasis. These new deforomatelds rep-
resent the motion of the coronary tree due only to respiration.

The original reconstructed coronary model o was deformed by these respiration{
only deformation elds, and a set of coronary models at di ereinrespiratory phases
was generated. The motion of the coronary tree was computed kegistering the end{
expiratory coronary tree with the trees at other respiratoryphases using a rigid body
motion model. The registration algorithm was previously desitred in Section 5.1.5.

5.2 Results

Coronary angiograms datasets were acquired for 8 male and 2Znéde patients.
The mean age, weight, and height of the patients were 631 years, 86 17 kg,
176 11 cm respectively. There were four cases of mild dilated cawthyopathy, and
two mild to moderate cases of hypertrophic disease. A mean eject fraction of
58 8% (range=40-65%) was measured by left ventriculography. botal, 12 left coro-
nary and 4 right coronary datasets were analyzed since multglcontrast injections
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were available for four patients. The mean length of the recetructed left coronary
trees was 26 7 cm (range=16-38 cm). The mean length of the reconstructedght
coronary trees was 194 cm (range=14-24 cm).

The automatic motion tracking algorithm was applied in eactctine-angiogram to
the subset of images that had well opaci ed arteries. On averagthis was 111 18
image pairs, or 3.7 0.6 seconds per dataset (range=81{160 images). The datasets
capture the motion of the heart through approximately one rgpiratory cycle.

Figure 5.5 shows sample tracking results for one patient. The ages show two
pairs of biplane images at diastasis, one at end expiration and@near end inspiration
during tidal breathing. The motion tracking algorithm is dforming a 3D coronary
model representing the left main, left anterior descending,rgximal segment of the
circum ex, and the rst obtuse marginal. The projection of themodel onto the images
(white lines) shows that the results of the motion tracking algathm are consistent
with the motion of the arteries seen in the angiogram. The 3D conary tree model
corresponding to these images are shown in Fig. 5.6.

5.2.1 Translation, Rigid Body, A ne, or More?

For each patient, images at diastasis were identi ed. For theeft coronary studies
this corresponded to— =0.80 0.02; for the right coronary studies,” =0.77 0.06.
The values are consistent with previously reported measuremertL08]. The number
of images selected per patient was between 3-6 and was depehd@& the length of
the contrast injection and heart rate.

Since the patients' breathing was unconstrained, a diastasis age at the absolute
EE ( = 0) was not guaranteed. So, the image nearest to EE was selectasl the
reference state. The average| of the selected EE images was 0.09.06.

Similarly, nding a diastasis image at El ( j = 1) was not guaranteed, so the
image nearest to El was identi ed in each dataset. The averagej of the selected El
images was 0.880.14.
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Figure 5.4: The CRPM is applied to each B{solid control pointndependently. The
results of the model t (solid line) are shown with respect to the nginal data (dots)
from Fig. 5.3.
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Figure 5.5: Biplane images of patient P2 at tidal end expiran and end inspiration.
The images show the heart in diastasis. The white lines represehiet projection of a
3D coronary tree model onto the imaging planes. The 3D defortnan of the coronary
tree is calculated automatically using a motion tracking algrithm.
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Figure 5.6: Three orthogonal projections of patient P2's conary arteries at tidal end
expiration (solid model) and end inspiration (dotted lines). e arteries are shown
at a mid-diastolic (diastasis) cardiac phase. Clockwise from toeft: RL projection;
AP projection; Sl projection.
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Figure 5.7: Tidal end inspiration images for patient P2. The Wite lines represent the
projection of a 3D coronary tree onto the images. The rst colum shows the ability
of a 3D translation motion model to register the coronary treeaconstructed at end
expiration to these end inspiration images. The second and thirdolumns show a
rigid and a ne motion model respectively. An improvement in the t is seen from
left to right, but there is evidence of residual local defornteon.
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Left Coronary Tree

For the left coronary tree, the selected EE and El images sparth@n average of
82 15% of the respiratory cycle, and the patient-averaged 3D RMdsplacement of
the coronary tree wase;p=6.1 1.8 mm (range=3.8-9.7 mm).

The coronary tree corresponding to the El image was registeremthe EE coronary
tree using a 3D translation model. The residual 3D RMS errogr 1 mmin 1/9
patients. After optimal 3D rigid body registration, e 1 mm in 6/9 patients. With
a 3D ane registration, ex 1 mm in 7/9 patients. The residual 3D RMS error for
patients P2 and P3 remained above 1 mm for all of the tested glabmotion models,
indicating the presence of local deformations of the left comary tree from El to EE
during tidal breathing (Fig. 5.7).

Figure 5.8 shows the residual registration errors from EE to Elf the di erent
patients and motion models.

Right Coronary Tree

For the right coronary artery, the selected EE and EIl images spaed an average
of 85 18% of the respiratory cycle, and the patient-averaged 3D RMd@splacement
of the coronary tree was;p=5.9 2.6 mm (range=3.2-9.4 mm).

The residual 3D RMS error following optimal registration usinga 3D translation
er 1 mmin 1/4 patients. After optimal 3D rigid body registration, eg 1 mm in
2/4 patients. With a 3D a ne registration, ex 1 mm in 4/4 patients.

Figure 5.9 shows the residual registration errors from El to EEof the di erent
patients and motion models.

5.2.2 Cardiac Respiratory Parametric Modeling

The 3D+t deformation eld for each dataset was parameterizedising the CRPM.
The procedure was implemented iMATLAB and required several hours to decom-
pose each dataset. Figure 5.4 shows the CRPM t to the B{solid cortl point data
shown in Fig. 5.3.
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Figure 5.8: Residual errors of three motion models used to chaterize the tidal
respiratory motion of the left coronary tree for nine patiens. esp is a baseline 3D
RMS distance between the coronary tree at the respiratory exmes. er, er, and
ey are the residual 3D RMS distance after registration using, respgeely, a 3D
translation, 3D rigid body, and 3D a ne transformation.
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Figure 5.9: Residual errors of three motion models used to chaterize the tidal
respiratory motion of the right coronary artery for four patients. esp is a baseline
3D RMS distance between the coronary tree at the respiratory gemes. er, €g,

and e, are the residual 3D RMS distance after registration using, respgeely, a 3D

translation, 3D rigid body, and 3D a ne transformation.
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Table 5.1: RMS error of the cardiac respiratory parametric nael describing the
deformation of the tracked arteries.

: epn( ; l? (mm)
Patient Mean Std Dev | Maximum
Left P1 0.37 0.12 0.71
P1 0.44 0.14 0.89
P2 0.72 0.24 1.29
P3 0.64 0.23 1.59
P4 0.78 0.27 1.52
P5 0.41 0.22 1.14
P6 0.53 0.18 1.05
P7 0.67 0.28 1.94
P8 0.54 0.25 1.48
P8 0.44 0.16 0.92
P9 0.41 0.14 0.93
PO 0.62 0.24 1.68
Right P5 0.76 0.27 1.52
P8 0.67 0.33 1.67
P9 0.68 0.27 1.43
P10 0.57 0.18 1.28

Validation

Table 5.1 presents validation results for the CRPM. The resultgrovide a measure
of how well the CRPM can represent the coronary deformation #t was recovered
from the images. exp( ;! is computed for each image frame, and the mean and
maximum values are reported for each patient. Except for onmatient (P4), the mean
plus one standard deviation oksp was sub-millimeter.

Figure 5.10 shows the validation results for one patienesp ( ; l?is plotted as a
function of image number, cardiac phase, and respiratory phas€&he results do not
show any systematic bias of the error for particular cardiac orespiratory phases.

Respiratory Motion Parameters

Respiration{only deformation elds were synthesized for eackataset from the
CRPM. These were created by sampling the CRPM at 100 respiratopghase on the
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Figure 5.10: Validation results for the CRPM in Patient P9. The 3D RMS error,
esp( ;C¢), is calculated between the coronary tree recovered fromhe images,
and the coronary tree bgenerated by the parametric CRPM. e3p as plotted as a
function of (a) image number, (b) cardiac phase, and (c) respitory phase. In this
patient, a higher variability in RMS error is coincident with the QRS complex (b)
and with the tidal end-expiration and end-inspiration respiatory phases (c).

interval [-1,1), while keeping the cardiac phase constant atiastasis. 3D coronary
trees  were generated at each respiratory phase.

The coronary tree corresponding to EE, ¢, was identied and used as the
reference con guration. The other trees were registered to.. using a 3D rigid body
transformation to quantify the bulk respiratory motion of the heart. The translation
and rotation parameters representing this motion are plote in Fig. 5.11 for one
patient.

Table 5.2 shows the rigid body motion parameters describing ehmotion of the
heart from end expiration to end inspiration for each patient In some patients, the
coronary injection was repeated, so it is possible to analyzeetvariation between
breaths. When multiple injections were available for a pati&, an average motion for
that patient was computed before performing inter{patientanalysis to avoid undue
weighting toward patients with multiple injections.

As expected, every patient's heart moved caudally on inspiran, with a mean IS
translation of 49 1.9 mm. Translation toward the patient's anterior was seen in
8/10 patients. The mean PA translation was 1:3 1.8 mm. The mean of the LR
translation was Q4 2:0 mm.

In addition, all patients had a cranio{dorsal rotation of the heart, with a mean
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Table 5.2: Rigid body motion parameters describing the natai tidal respiratory
motion of the heart from end{expiration to end{inspiration a diastasis.

Rotation Translation

Patient | Coronary () (mm)
Tree LR\ IS\ PA LR\ IS\ PA
P1 Left -1.3|-1.1| 1.3|-0.3,48|-15
Left -05/-0.2| 0.8| 0.1|34-1.3
P2 Left -3.6|-26| 3.2| 47,68| 1.3
P3 Left -0.7,-13| 1.1, 1.3/26]|-1.0
P4 Left -1.8/-3.1) 23| 08|72 04
P5 Left -141-0.2| 21| 0.7/4.4| 0.0
Right -19|-27| 23| 22|52]-29
P6 Left -2.8/-0.2| 14| 0.7/8.0|-5.1
P7 Left -1.1-05| 1.3|-1.0/3.8|-1.0
Left -1.0| 1.0|-15|-40|3.0|-2.8
P8 Left -0.7| 1.4,-14|-33/36|-24
Right -1.6| 20|-2.0|-1.8|5.4|-1.9
P Left -1.3| 0.7 0.9|-09|35|-0.3
Left -1.8| 03| 21| 1.1,45|-04
Right -0.2| 24| 1.0,-20/8.1|-0.0
P10 Right -0.1| 05| 14|-05|27]|-2.6

LR rotation of 1.5 0:9. A caudo{dextral rotation from expiration to inspiration
was seen in 8/10 patients. The mean PA rotation was:2 1.3 . The mean of IS
rotation was 0:7 1.5, with 7/10 patients showing a posterior-dextral rotation.

Intra{patient analysis in 4 patients, shows that the directionof motion is consistent
for multiple injections within a patient. The only exception is the LR translation for
patient P9.

5.3 Discussion

This chapter presents a method for modeling the cardiac and siratory mo-
tions of the heart from coronary angiograms. The CRPM is used tmodel a 3D+t
deformation eld measured from biplane coronary angiogramsnd to subsequently
decompose the eld into separate cardiac and respiratory compents. The tempo-
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Figure 5.11: Rigid body motion parameters of the heart as arfiation of diaphragmatic
displacement in patient P8.
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ral resolution provided by the x{ray angiography system is 33 msand the method
allows the respiratory motion to be measured over a single bréatIn contrast, 3D
free-breathing studies with MR imaging require that data is @llected over multiple
breaths [64].

The CRPM is t to each control point of the B{solid deformation eld inde-
pendently. This approach maintains generality in that the ardiac{respiratory de-
composition is not based on any global spatial motion model. Faxample, the
decomposition does not immediately force the respiratory mion to be a rigid body
transformation. The CRPM decomposition generates separaterdeéac and respira-
tory deformation elds that are themselves B{solids, and can tarefore maintain the
level of spatial complexity found in the original deformatia eld. The ability of less
complex motion models to describe the respiratory motion is $éed subsequently.

The ability to model local deformations due to respiration igmportant in that
there is evidence that the heart changes shape as a functiontloé respiratory cycle.
A decrease in left ventricular (LV) stroke volume with an increae in LV end{systolic
volume during spontaneous inspiration was shown in canines g1@&nd humans [110].
The inspiratory decrease in LV stroke volume, and a correspondjnncrease in right
ventricular (RV) stroke volume was also shown in humans using MRL11].

This study used the motion of the diaphragm as a measure of the résory
phase. The choice was made based on evidence that, comparedh whe use of a res

piratory bellows signal, diaphragmatic displacement was mere ective for respiratory
motion suppression during MR imaging [51]. However, it is knowrhat respiratory
motion is a ected by both the diaphragm and the chest wall. Thehigh variabil-
ity in errors along the = 0 axis of Fig. 5.10c suggests that perhaps there is some
motion near end-expiration which occurs while the diaphrag is static. This is a de-
generate situation in that one respiratory phase cannot descebmultiple geometric
con gurations. The combination of a respiratory bellows sigrnawith diaphragmatic
displacement as a measure of respiratory phase might improve thmtion modeling
by reducing degenerate conditions.

The results of this study indicate that a 3D translation was ableéo model the
motion of the coronaries (to within a 3D RMS error of 1 mm) in oly one left coronary
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tree and one right coronary tree that were studied. For the le€oronary tree, the most
powerful motion model was the 3D rigid body transformation, wich was su cient

to explain the motion in ve additional patients. The a ne def ormation only added
one more patient to this group, leaving two patients whose mmn could not be
explained with a global motion model. For the right coronaryartery, the rigid body

transformation was su cient for one more patient, while the a ne deformation was
necessary for the two remaining studies.

The results of the rigid body analysis resulted in rotation angls of only a few
degrees over the range of tidal breathing. However, a rotatioof 1.5 through a
moment arm of 5 cm can generate a displacement of 1.3 mm. The u$éranslation-
only motion correction for MR imaging of the coronary vesselsauld be insu cient
for applications requiring sub-millimeter resolution.

The measurements made in this chapter represent the respiragomotion of the
heart with the patient in the supine position. Di erent patient orientations would
likely a ect the respiratory motion of the heart, but the nature and patient safety con-
siderations of the invasive angiography procedure do not allofor the study of these
di erences [112]. Nonetheless, since MR and CT imaging of the ttax is routinely
performed with the patient in that position, knowledge from hese measurements are
suitable for application to motion correction techniques whin these imaging domains.

5.4 Conclusion

A method for quantifying the 3D respiratory motion of the heat from biplane
coronary angiograms is presented and validated. An analysis thfe natural tidal
respiratory motion in 10 patients is presented. A 3D translatio motion model was
su cient for describing the motion of the heart (3D RMS error 1 mm) from end{
expiration to end{inspiration in only two patients. During inspiration, the heart
moved inferiorly and underwent a cranio{dorsal rotation forall patients studied. In
eight patients, the heart also moved anteriorly and underwerd caudo{dextral rota-
tion.



