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Abstract

Motion estimation methods in single photon emission computed tomography (SPECT) can be
classified into methods which depend on just the emission data (data-driven), or those that use
some other source of information such as an external surrogate. The surrogate-based methods
estimate the motion exhibited externally which may not correlate exactly with the movement of
organs inside the body. The accuracy of data-driven strategies on the other hand is affected by the
type and timing of motion occurrence during acquisition, the source distribution, and various
degrading factors such as attenuation, scatter, and system spatial resolution. The goal of this paper
is to investigate the performance of two data-driven motion estimation schemes based on the rigid-
body registration of projections of motion-transformed source distributions to the acquired
projection data for cardiac SPECT studies. Comparison is also made of six intensity based
registration metrics to an external surrogate-based method. In the data-driven schemes, a partially
reconstructed heart is used as the initial source distribution. The partially-reconstructed heart has
inaccuracies due to limited angle artifacts resulting from using only a part of the SPECT
projections acquired while the patient maintained the same pose. The performance of different
cost functions in quantifying consistency with the SPECT projection data in the data-driven
schemes was compared for clinically realistic patient motion occurring as discrete pose changes,
one or two times during acquisition. The six intensity-based metrics studied were mean-squared
difference (MSD), mutual information (MI), normalized mutual information (NMI), pattern
intensity (PI), normalized cross-correlation (NCC) and entropy of the difference (EDI).
Quantitative and qualitative analysis of the performance is reported using Monte-Carlo
simulations of a realistic heart phantom including degradation factors such as attenuation, scatter
and system spatial resolution. Further the visual appearance of motion-corrected images using
data-driven motion estimates was compared to that obtained using the external motion-tracking
system in patient studies. Pattern intensity and normalized mutual information cost functions were
observed to have the best performance in terms of lowest average position error and stability with
degradation of image quality of the partial reconstruction in simulations. In all patients, the visual
quality of Pl-based estimation was either significantly better or comparable to NMI-based
estimation. Best visual quality was obtained with Pl-based estimation in 1 of the 5 patient studies,
and with external-surrogate based correction in 3 out of 5 patients. In the remaining patient study
there was little motion and all methods yielded similar visual image quality.
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1. Introduction

Motion estimation methods in single photon emission computed tomography (SPECT) can
be divided into methods which depend on just the emission data, or at least in part make use
of some other source of information such as that provided by an external motion-tracking
system as investigated herein. Data-driven motion estimation has the advantage of not
needing the extra setup-time and cost associated with the equipment of an external tracking
system. Although external motion-tracking can produce accurate real-time estimates
(McNamara et al 2009), another disadvantage is the reliance on a direct correlation between
internal organ motion and the externally exhibited motion. As observed from preliminary
investigations using MRI of volunteers in (King et al 2009), the correlation between the
motion of external markers and the motion of the heart can deteriorate in the case of arm
motion involving significant movement of the shoulders and non-rigid body motions. Data-
driven methods therefore offer an attractive alternative.

Most data-driven approaches use a measure of consistency between measured and estimated
projections to arrive at the motion estimate. While some approaches correct for only axial
and lateral translational motion in the sinogram domain (Huang et al 1992, Arata et al 1996,
Lee et al 1998, Bai et al 2009), other methods aim to estimate the six-degree-of-freedom (6-
DOF) transformation of the activity distribution in three-dimensions (3D) (Hutton et al
2002, Kyme et al 2003, Feng et al 2006a, Schumacher et al 2009). Unlike PET where all
angles are available for every motion group, the most commonly employed current SPECT
cameras involve rotation of the detector head during acquisition. The consequence of this is
that for SPECT an incomplete set of angles is acquired for a given pose of the patient,
making data-driven 6-DOF motion estimation in SPECT a challenging problem.
Additionally, the acquisition protocol for imaging i.e., three detector heads for 360 degree
acquisition in brain imaging, and two heads at 90 degrees which acquire only 180 degrees of
data in a typical cardiac acquisition, has an effect on the performance of the data-driven
methods due to stereoscopic effects. Kyme et al (2003) proposed a method to estimate and
correct the rigid-body motion of brain SPECT studies. The method was shown to improve
the image quality of motion-corrupted digital and physical Hoffman phantoms for 6-DOF
motion. It was proposed that the method may be adapted to correct for gradual motion as
well.

In this work two different registration-based data-driven strategies based on that of Kyme et
al (2003) were considered for application in cardiac perfusion SPECT imaging. Some
important differences exist between brain and cardiac imaging other than different
acquisition protocols as noted before. The brain consists of oriented structures contained in a
rigid skull, with fairly similar attenuation all around. The motion of the brain is well
approximated as rigid. In cardiac imaging, the attenuation profile of the torso varies greatly
with projection angle. Also, the assumption that motion of the heart is rigid with the rest of
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the chest depends upon the type of movement (King et al 2009). These differences may have
an influence on the performance of a scheme similar to Kyme et al (2003) when applied to
cardiac imaging, the topic of the current investigation. Further, herein different cost
functions were compared in addition to the mean-squared difference (MSD) used in Kyme et
al (2003) to determine if an even better correction can be obtained. Besides, in our data-
driven strategy the time of motion-occurrence was obtained from the external-surrogate.
Botvinik et al (1993) showed that small vertical motion of 1-2 pixels (4-8 mm) occurring
for eight frames (5-6 min.) around the middle of the acquisition may cause significant
artifacts in cardiac SPECT. More recently, Wheat et al (2004), analyzed 800 myocardial
SPECT studies and determined 36% contained visually detectable motion. In clinical cardiac
studies, we have observed using a motion—tracking system, translations on the order of 1-2
pixels (~ 5-9 mm) and rotations up to about 8 degrees (Mukherjee et al 2010a).

Herein we have investigated the sensitivity of data-driven 6-DOF motion estimation to
clinically realistic motion. Two data-driven schemes with five different cost functions were
compared using NCAT phantom data with motion (Segars et al 1999), with SPECT imaging
simulated by the SIMIND Monte-Carlo software (Ljungberg et al 1989). The preferred
scheme with the best cost function was then compared to external tracking-based motion
estimation for patient studies. The use of this scheme in combination with externally
measured motion was also studied to determine if further improvement over using it alone
was possible. Based on this work, a realistic assessment of the accuracy of the data-driven
estimation scheme was derived and areas of further improvement were identified.

2. Materials and Methods

2.1. Data-driven Motion Estimation

2.1.1. Dividing Projections into Motion Groups—The projection data were first
divided into motion groups, where a group consisted of the projection angles where the
patient maintained essentially the same pose. The motion transformation was then estimated
between these groups. We used data-driven estimation with the best case scenario of
assuming known motion groups. For patient studies, the division into motion groups was
facilitated by the external-motion tracking measurements (McNamara et al 2009). In this
aspect our method deviates from that of Kyme et al (2003) where a data-driven approach
was used to obtain motion groups.

2.1.2 Data-driven Motion Estimation Schemes—Fig. 1 shows a flowchart of the two
data-driven estimation schemes used in this work. In Scheme A (Fig. 1 (a)), the largest
motion group was selected as the 0™ (reference) motion group (M) and was first partially
reconstructed using the Ordered Subsets Expectation Maximization (OSEM) algorithm
(Hudson et al 1994) to obtain an initial motion-free model. This was then re-projected to the
angles of the other motion groups, and compared for consistency with the measured
projections using various cost functions described in the following section. The 6-DOF
transformation of the heart from group 0 to group i where i =1, 2, ... M—1, represented by

T was estimated by minimizing the cost function for motion group i. Scheme A is very
similar to the estimation scheme in Kyme et al (2003), with the only difference being that
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the transformations were always obtained relative to group 0, and the object was
reconstructed at the 0™ (reference) state.

Scheme B (Fig. 1 (b)) added some steps to Scheme A, wherein the next motion group M;
was also partially reconstructed (R;) and added to Rq after inverse transforming with

(TB) 1. The sum was then re-projected to the projection angles of Mg and the cost function
for group i was computed using all angles in Mg and M;. Thus each iteration of Scheme B
involved a two-way transformation (Rg <»R;). For the estimation of M; (i > 1), Mg was
updated to include all projection angles up to the motion group Mj-1 for which the
transformations had already been estimated. As in Scheme A, the transformation of each
group with respect to the reference was estimated sequentially. In both the schemes, motion-
compensated OSEM (MC-OSEM) (Feng et al 2006b) was used to update the partial
reconstruction as the transformations became available.

In Kyme et al (2003), the groups were ordered such that the successive motion groups were
well spaced angularly to add maximum information in each update of the reconstructed
object. In our studies involving a maximum of three motion groups, the estimation
proceeded with groups successively reducing in size. Once all the motion groups were
estimated, a single iteration of the data-driven estimation was considered complete, and the
whole process was repeated again with the full reconstruction as Ry and newly initialized
transformation parameters.

2.1.3 Projector for data-driven estimation—The projection process started with a 3D
Gaussian rotation combining the rotational component of the patient motion and gantry
rotation, and 3D translation to align the current estimated source distribution with the patient
location and gantry viewing angle. The details of this process are described in Feng et al,
2006. The employed projector models distance-dependent system spatial resolution in 3D
with an incremental Gaussian blurring kernel (McCarthy et al, 1991). Attenuation was
modeled during simulation of the projections; however, attenuation correction was not
employed in the projector during motion estimation. This is because the attenuation map is
typically aligned to the first or last motion group (in time). In general the transformation
between the 0t (largest) motion group and the attenuation map was not known a priori, and
therefore the cost functions were evaluated without employing attenuation and scatter
correction. Additionally, in previous work (Mukherjee et al, 2011) we have observed that
using attenuation correction during data-driven estimation did not lower the estimation error
in cases where the attenuation map was aligned with the 0™ (largest) motion group. The
effect of filtering the projection and re-projection before evaluating the cost function was
also investigated. A 2D-Butterworth filter of order 5 and filter cutoff 0.2 (fraction of Nyquist
frequency) was employed for this purpose. The filter parameters were not optimized but
chosen to closely match the values typically used for low-dose stress cardiac SPECT studies
at our site.

2.1.4 Cost Functions (Consistency Metrics)—The cost functions investigated were 1)
mean-squared difference (MSD) (Kyme et al 2003), 2) mutual information (MI) (Studholme
et al 1999), 3) normalized mutual information (NMI) (Studholme et al 1999), 4) average
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pattern intensity (PI) (Wu et al 2009), 5) normalized cross-correlation (NCC) (Penney et al
1998), and 6) entropy of the difference (EDI) (Penney et al 1998). These cost functions have
been used in 2D-3D registration problems in medical imaging as in Penney et al (1998) for
registration of fluoroscopy to CT. The cost function for a motion group was obtained by
summing a metric over the projections belonging to that group. The cost functions are
defined in the following equations with P; ) representing the p' projection in the i motion
group, and RPj ) representing the corresponding re-projection, where p = {1,2,....nj}, and
n; is the number of projections in the motion group. Thus, the it motion group is represented
by M = {Pj 1, Pi2,..., Pin}. A rectangular region of interest (ROI) was defined by visual
inspection such that it enclosed the heart at all projections but excluded most of the liver and
other organs. Doy is the number of pixels in this region per projection. All cost functions
were computed using pixels within the ROL.

5 (Pig) — RP(i,m)z

MSDi=y O @
P

ROI
lezp:H (Pam) +H (BEap) = H (Fapy BPup) g

where H(Bip)= = zb:h(xb)loghm’), is the (Shannon) entropy of Py ), X, represents the
bth bin of the histogram of P(i,p)» h(X) the probability mass function obtained using pixels
within ROI, and H(Pap Re)= = %%h (b Uty ) 108 (@5, yby), is the joint entropy
of P p) and RP(; ), where (Xpx Ypy) represents the 2D histogram bin of P; ) and RP; )
indexed by (bx,by), and h(xpx Yny) is the joint probability mass function obtained using pixels
within the ROI.
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where r2 is the local neighborhood size, s is a scale factor, d? = (j — u)2 + (k - V)2, is the

2
distance of the neighborhood pixel at (u,v) from the central pixel at (j,k), and U(Pw),sRP(i)p))
represents the noise variance in the difference image.
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where P; ;) represents the mean intensity over the pixels within ROI in image P ).

EDL=Y H(P;,) — sRP;,)) ©
p

where H(P(j p)) is the entropy as defined in (2), and sis a scale factor as defined in (4).

The MI, NMI, NCC and PI values are maximum for correct registration, thus the negative of
their values were used for the minimization routine. The neighborhood radius r and noise
variance parameter o for Pl were chosen empirically using sensitivity (defined in section
2.6) studies with the NCAT phantom. We found that o equal to two times the average counts
in the ROI of the projection data was satisfactory for our application. The scale sin Pl and
EDI was chosen such that the average count level in the ROI of the re-projection and actual
projection were the same. For MI-based measures, use of the sum of individual projection
Mls was suggested in (Clarkson et al 2000), and was shown to be better than combining all
projections into a single histogram. In this work, both the methodologies (summing
individual projection Mls, and pooling all projections to obtain a single MI) were tested. The
cost function sensitivity to changes in pose and the accuracy of the estimates (defined in
section 2.6) were compared for various mation simulations using the NCAT phantom.

2.1.5 Optimization Method—For minimization we employed the downhill simplex
algorithm (Nelder and Mead 1965, Press et al 1992) which is a non-gradient based
optimization methodology. In the first iteration of motion estimation, only five degrees of
freedom were estimated excluding the rotation about Z-axis (gantry rotation axis) to lower
the estimation error due to partial angle effects as reported in Mukherjee et al, 2011. The
rotation about Z-axis was either arbitrarily fixed to be zero, or given a value obtained from
the external motion tracking. In the second iteration, the optimization was initialized with
seven non-degenerate points (in 6-dimensional space of transformation parameters) for
estimating 6-DOF motion. To address the possibility of being trapped in a local minimum,
we modified the optimization scheme so that the simplex was initialized multiple times from
randomly chosen sets of points within each iteration of motion estimation. Also, the last sub-
iteration was initialized with the minima obtained from previous sub-iterations. For patient
studies, a hybrid scheme was employed where external-tracking estimates were used as one
of the initial points of the optimization. This was done to constrain the Z-axis rotation to
realistic values as otherwise the estimated rotation about Z-axis tends to be large due to
limited angle artifacts (Mukherjee et al 2011).

2.2. Visual Tracking System (VTS) Based Motion Estimation During Patient Acquisition

The VTS (McNamara et al 2009) tracked the motion of retro-reflective markers attached to
the chest and abdomen of patients undergoing SPECT imaging. The signal from each
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marker consisted of 3 one-dimensional traces corresponding to the absolute X, Y and Z
location of the marker in 3D space of the SPECT coordinate system over time. Each of these
traces had at least a periodic component (PM) due to respiration and a non-periodic
component (NPM) that corresponds to abrupt pose changes, or slow drifts due to either
patient motion or changes in respiration over time. We have developed previously a method
of separating the components of PM and NPM from the marker signals using total-variation
(TV) based iterative-smoothing (Mukherjee et al 2009). The 6-DOF motion of the heart
within the chest was derived from the NPM traces of the chest markers using singular-value
decomposition (SVD) (Strang 1998). The estimates were then used in a motion-
compensated OSEM reconstruction algorithm as described in section 2.3.

2.3. Motion Correction

Motion correction within reconstruction was implemented using a motion-compensated
OSEM algorithm (Feng et al 2006) to which the motion estimates - obtained from either the
VTS and or the data-driven method - were given as input. Once all the transformations were
estimated, the simulated data were reconstructed with all corrections (i.e., attenuation,
scatter and resolution modeling). Scatter correction was done by the TEW method (Ogawa
etal, 1991). Patient studies were reconstructed without scatter correction because the scatter
window projections had not been acquired. The mation transformation was incorporated in
the reconstruction as in (7)

(1 P,S

f(i+1)_— ZT ;L Z Hrnn N m (7)
Z T -1 Z H,.. p=1 Z:lenf(l) (‘Pp,s(n))

psm 1

where () is an estimate of the object at the it iteration. The iteration index i and subset
index sare related by s = i(modM) + 1, with the total number of subsets being M. The
projections in each ordered subset are indexed by p, 2, is the value in detector bin m of pth
projection in subset s (p = 1,2...ng), and ng is the number of projections in subset s. Hyyy is
an element of the system matrix which has N x D elements at every projection (N the
number of voxels in the 3D source distribution), Tq>p is an operator that interpolates the
activity distribution f to the transformed activity with the transformation given by ¢. Thus,

(Tepl(n) = f(¢p (), where n=1,2...N, and T%;l similarly represents the inverse
transformation from the pose at pth projection in subset sto the reference.

The subsets may consist of projections from different motion groups. The transformation at
each projection Top Was therefore used to model the motion in the OSEM update. Using the
method of Feng et al (2006), the activity and attenuation map were transformed to the pose
at each projection within a subset using 3D Gaussian interpolation where both the gantry
rotation and motion transformation were applied in a single step. The projector and the back-
projector both used the transformed attenuation map for attenuation correction. The
transformed activity was projected and compared with the measured data. The error (ratio of
measured to estimated projection) was then back-projected and inverse-transformed to the
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reference motion group. The activity was reconstructed at the pose of the reference motion
group.

2.4 Investigation with NCAT Phantom Studies

The cardiac NCAT phantom was used for simulating SPECT data using SIMIND Monte
Carlo simulation software. The camera parameters were chosen to match the Philips IRIX
SPECT system with a low-energy high resolution (LEHR) parallel-hole collimator using
Technetium-99m sestamibi as the radiopharmaceutical. The relative concentration of
activity in the liver was half that in the heart walls and in the other organs at the background
level which was 1/10% of that in the heart walls. Pixel size chosen for the simulation was
4.67 mm. The simulation included attenuation, scatter and system spatial resolution. The
radius of rotation was 27 cm, which was typical of clinical acquisitions. A 180° acquisition
using two of the IRIX’s heads at 90° with respect to each other for a total of 60 projection
angles was simulated with a) two and b) three equal-sized motion groups, with one-half and
one-third the total number of angles, respectively. The total counts in the projections were
scaled to 7 million (average clinical level at our site) and then Poisson noise realizations
were created. Projection data were simulated with the various motions listed in Table 1. In
the SPECT 3D coordinates, the Z-axis is oriented along the length of the patient, the Y-axis
is oriented from back to front (PA), and X-axis is from side-to-side. Therefore, in the
projection data the vertical dimension coincides with the Z-axis. The complex motion case
was simulated using the motion parameters from external-tracking signals acquired during a
patient study with motion. As the patient acquisitions were over 204 degrees with a total of
68 projections, the external motion signal corresponding to the last 4 angles (on each head)
was discarded. The transformation parameters for the complex motion case are shown in
Fig. 2. In the figure, the motion is repeated as two heads were simulated. Though the data
was generated by moving the phantom at each projection angle according to the external
signal, the motion estimated for the complex case using the data-driven strategy was a single
transformation between two motion groups. These groups were based on the time-points of
significant changes in the signal: (Group 1) projections 18-36 & 48-66 with 38 angles, and
(Group 2) projections 37-47 & 67-77 with 22 angles. The “truth” for validating the data-
driven estimates was also a single transformation between the average positions at these two
motion groups estimated by SVD. For the complex motion case we simulated count levels of
4,5, 6 and 7 million counts (5 datasets at each count level) for observing the variation in
estimation error with noise.

2.5 Investigation with Patient Studies

Five patient studies were acquired with external marker motion-tracking (McNamara et al
2009). Each study consisted of two rest acquisitions, where the patient was instructed to be
motionless during the first study and to move during the second. Patients were requested to
perform small clinically realistic movements. Movements suggested were small axial slides,
side-to-side twisting, shifting or bending. In the five studies the maximum motion was about
3 cm. A transmission scan was acquired between the two rest scans. The studies were
acquired on a Philips IRIX SPECT system with TI-201 as the radiopharmaceutical, in a two-
head 204 degree acquisition with 68 projections. The two reconstructed studies were
compared visually after motion correction using motion estimates from both the VTS and
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data-driven approach. The extent of motion during transmission scan or between scans was
small (< 2 mm) in these studies and was not corrected for in the reconstruction. Motion
during the first rest study was also small (< 3 mm) in all patients and was not corrected in
the reconstruction. The patients were requested to move solely at one time point during
acquisition. Therefore, for data-driven estimation the projection data were divided into two
groups based on the external marker tracking signal, with the second group corresponding to
the projections where the patient moved to a new position. Also note that the patient data
acquired had a single abrupt change which facilitated delineation into motion groups.

2.6 Performance Metrics

The accuracy of the estimation of the 6-DOF transformation parameters for the NCAT
simulations studies was determined using the average distance error metric which is the
vector difference between true and estimated motion vectors averaged over the voxels in the
heart region as illustrated for a single voxel in Figure 3. This was computed as:

. 1&
AVDlstErr:Z;\TEﬂfl - T,z ()

where Tg represents the estimated transformation, and T the true transformation which was
known in simulation studies, and X represents the 3D location of a voxel within the heart
region. The number of voxels within the heart region is L. The heart region was obtained by
segmenting the reconstructed anthropomorphic phantom when no motion was present. In
NCAT studies, the heart region was known a priori while generating the phantom.

In order to test the sensitivity of the cost functions to changes in pose within the current
data-driven estimation schemes (schemes A and B in Fig. 1), the cost functions were
computed on a set of randomly distributed points (6-DOF transformations) around the actual
transformation (truth) and including it, for all simulated motion cases. The cost functions
were then compared with the AvDistErr metric computed at the same points, using the
Spearman’s rank correlation (Hollander Wolfe 1973). The Spearman’s rank correlation gave
a quantitative measure of how well the cost functions followed the trend in AvDistErr. The
accuracy of estimation obtained using each cost function was given by the AvDistErr
between the points representing the true minimum and the cost function minimum. Due to
various degradations present in the SPECT projections, such as spatial resolution, noise,
attenuation and scatter, the region close to the true minimum contains many local minima.
Therefore, two sets of randomly distributed points (6-DOF transformations) were examined
both inclusive of the true minimum: 1) Narrow: 50 points in a region £1 pixel and + 2
degrees on all axes about the truth, to examine the performance of cost functions close to the
solution 2) Broad: 200 points in a region = 5 pixels and +5 degrees on all axes about the
truth, to examine the performance for points far from the solution, which may occur at the
beginning of the optimization process. It must be noted that the objective of this experiment
is to get a preliminary assessment of the sensitivity of cost functions and decide on which
scheme is preferable independent of the optimization process. The motion estimation
performance will ultimately depend on the sampling of the parameter space by the optimizer
used.
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For patient studies, direct computation of accuracy is not possible as the truth is unknown.
Therefore, the data-driven estimates were compared to the SVD-based estimates from
external tracking signals using AvDistErr. The external-tracking based transformation was
obtained using the average position of the chest markers at the motion groups computed by
averaging over the positions at projections within the group. The transformation obtained
this way was also used for motion correction using external-tracking. This was done to
facilitate comparison with the data-driven method (which also estimates motion between
groups) both visually and quantitatively.

For evaluating the visual image quality of the motion-corrected images via different cost
functions, the images were read independently by three human-observers and then in
consensus to break ties. The identities of the motion correction strategies were masked and
all slices in short-axis, horizontal and vertical long-axis configurations were displayed in an
interface that allowed comparison of two strategies at a time against the first rest study. The
uncorrected reconstruction with motion artifacts was also included as one of the strategies.
Observers chose the strategies to be displayed and ranked the strategies based on visual
quality.

3.1 Simulated Data (NCAT)

3.1.1. Preliminary assessment using randomly distributed points—Table 2
shows the results of the sensitivity and accuracy study of the cost functions using randomly
generated transformations about the truth for all simulated motion cases. The spearman’s
rank correlation and AvDistErr (mean and standard deviation over all motion cases) are
shown for each cost function used in Scheme A and Scheme B in the narrow and broad
regions defined in Section 2.6. For each cost function, a high value of the rank correlation
and low AvDistErr indicates good performance. Comparing the columns, EDI was rejected
from further investigation due to low rank correlation and large distance errors from the
truth. Rank correlation with AvDistErr was observed to be better for all cost functions in the
broad region (~ 0.7) than in the narrow region (~ 0.4) with both the schemes. This is
explained by the reduced sensitivity of the cost functions to small changes in pose due to
various degradations in the SPECT projections. AvDistErr values for the narrow region were
approximately 4-5 mm (1 pixel) for most cost functions, though up to 7 mm for three or
more motion groups. To avoid these local minima, we modified the optimization process so
that it was re-initialized six times randomly with different transformation parameters.

Compared to Scheme A, Scheme B had better accuracy (lower AvDistErr) in the broad
region for MSD, NCC, and M, and similar accuracy for Pl and NMI. In the narrow region,
the accuracy of most cost functions for Schemes A and B was comparable. Thus, Scheme B
was selected over Scheme A for optimization in subsequent investigations. The large
variance of the accuracy values about the mean was due to a large variation in the
performance of the cost functions between motion cases with two and three motion groups,
with significantly worse performance in the latter. With Scheme B, the cost function MI had
better accuracy than other cost functions over all motion cases. Additionally, the sensitivity
of M1 and NMI was significantly higher (p < 0.01) than other cost functions as determined
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by the Wilcoxon signed rank test (Hollander Wolfe 1973) applied to Spearman’s rank
correlations obtained for the 13 simulated motion cases.

3.1.2. Comparison of the motion estimation performance of the cost functions

Pooling projections: In the computation of the NMI or MI, pooling the projection data did
not yield a better estimate of the motion. The linear scaling operation used in the
computation of the joint histogram with uniform bin size suppresses the effect of projections
with greater attenuation by compressing the intensity range into a few bins. Therefore, the
NMI/MI was computed without pooling the projections in all comparison studies.

Filtering projections: The performance was worse with 2D Butterworth filtering of the
projections for MSD, NCC and PI, but was better with filtering for Ml and NMI. This is
expected as the contrast in the projection and re-projection images is reduced by filtering,
but the joint histogram is more linear when the noise in projections is suppressed by
filtering. Fig. 4 illustrates this effect for an example motion simulation with the NCAT
phantom, where Fig. 4(a) is the joint histogram of the registered (aligned) re-projection of
the reconstructed NCAT and the actual projection without any filtering, whereas Fig. 4(b) is
the same with filtering. Thus, for comparison the projections were filtered when using MI/
NMI, but not when MSD, NCC or PI was used as the cost function.

Motion Estimation Performance: A comparison of the performance of cost functions with
data-driven estimation Scheme B is shown in Table 3. PI, NMI and MI were observed to
perform better on average than other cost functions for NCAT data. The errors were on the
order of 5 mm for the case of two motion groups, and increased up to 7 mm for one of the
motion groups when three motion groups were involved for these three cost functions. This
matches what is expected from the preliminary assessment. Pure translations were estimated
with better accuracy than pure rotations where the errors were up to 10 mm in some cases.
Larger errors of up to 1.2 cm were observed for rotational motion about Z-axis. In the case
of three motion groups, the group estimated later (Group?2) in the sequential estimation
scheme was estimated with larger errors than the first group.

Fig. 5 (Left) shows the NCAT phantom reconstructed with the data-driven estimates for the
Complex case and Fig. 5 (Right) shows the same for Z,ree Rotation as defined in Table 1.
For the complex motion case, lowest AvDistErr was obtained with MI. Also note that none
of the cost functions were able to accurately estimate the rotation about Z-axis, but the major
displacement along X-axis was estimated by most. Motion estimation performance is worst
with Zyree Rotation in Table 3 and Fig. 5 (Right), where none of the cost functions produced
good correction. In Table 4, noise realizations of the complex motion case with counts
varying between 4 and 7 million were used to generate error-bars for each cost function. The
transformation parameters estimated with each cost function for the complex motion case
were compared to the “truth”. The MI-based estimates had the lowest mean AvDistErr. The
error-bars imply that the AvDistErr varied 1-2 mm with noise level for all cost functions.

Phys Med Biol. Author manuscript; available in PMC 2014 November 07.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Mukherjee et al.

Page 12

3.2 Patient Studies

The cost functions PI, NMI and MI were chosen for further evaluation in patient studies
based on the lower AvDistErr in NCAT studies. Table 5 shows the AvDistErr between data-
driven and external tracking based estimates for five patient studies. The AvDistErr of PI
and NMI-based estimates from external tracking estimates were of the order of 5-6 mm on
average and less than that of MI-based estimates. NMI is expected to perform better than Ml
as it can account for the change in overlap region (Studholme et al 1999), and change in
marginal entropies due to organs moving in or out of FOV.

For human-observer assessment of visual quality, the following motion-correction strategies
were compared to the first rest study: 1) using external tracking, 2) data-driven using Pl
without the aid of external motion tracking estimates, which were used only to delineate the
motion groups, 3) data-driven using Pl with the aid of external motion tracking estimates for
initialization, 4) data-driven using NMI without the aid of external motion tracking
estimates, which were used only to delineate the motion groups, 5) data-driven using NMI
with the aid of external motion tracking estimates for initialization, 6) No motion correction.

Relative performance of data-driven and external tracking based estimates—
Human-observer assessment of the visual image quality is shown in Table 7. In all patients,
the visual quality of Pl-based estimation was either significantly better or comparable to
NMI-based estimation. Compared to external-surrogate based correction, Pl-based
estimation produced significantly better image quality in patient 1, but worse or comparable
in other patients. Best visual quality was obtained with external-surrogate based correction
in 3 out of 5 patients. In all patients except patient 4, motion-correction by all strategies
provided an improvement in visual image quality compared to that without motion-
correction. Patient 4 exhibited very little motion externally. Thus the motion corrected
reconstructions were all very similar to the one without any correction. In patient 1, better
visual quality with Pl-based estimate is supported by large AvDistErr from external tracking
(Table 6). Fig. 6 (Left) shows patient 1, where Pl-based estimate (rows e and f) produced
better correction of the artifactual slit in the apex than all others as indicated by the red
arrows. Fig. 6 (Right) shows patient 2 where external tracking based estimate (row g) was
slightly better than the Pl-based estimates (rows e and f), and significantly better than NMI
based estimates (rows c and d). None of the strategies restored the shape of the heart
(indicated by red arrows) to exactly what it was in the first rest study. This could be due to
the following factors in the order of significance: 1) motion between emission and
transmission imaging which was not corrected for thus resulting in errors in AC; 2) residual
motion as the strategies corrected for motion between groups of projections; and 3) an actual
change in the cardiac and respiratory motion between the first and the second rest (time gap
of ~20 min) due to the prolonged time the patient spent in the imaging position. In patient 5
none of the data-driven estimates were able to correct as well as the external tracking. PI-
based estimates produced the next best in visual image quality, but all data-driven strategies
had a residual Z-rotation of the heart. We observed that the transition between the two
motion states in patient 5 was gradual spanning over 10 projections. The poor performance
of the data-driven estimates may be associated with the inability to correct for such motion
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as the projection data was divided into two groups for the two major motion states, causing
larger extent of motion within the groups than in other studies.

Relative performance of data-driven with and without external tracking based
prior—Based on the human-observer assessment no significant differences were observed
in the data-driven estimates with or without external-tracking based prior in patient studies
1,4 and 5 (Table 7). In patients 2 and 3, the NMI-based data-driven method with and
without external tracking prior showed significant differences but the ranking was
inconsistent across patients. Table 6 shows that the AvDistErr of Pl-based data-driven
estimates with or without prior were within 6 mm on average of the external-tracking based
estimates. The difference in AvDistErr with and without prior was less than 3 mm in all
patient studies. We therefore conclude that initialization with external tracking did not affect
the final solution significantly. However, constraining the rotation about Z-axis to the
external-tracking based estimate during the first iteration may be favored over setting it to an
arbitrarily small value, since partial angle reconstructions used in the data-driven estimation
tend to estimate Z-rotation with a large error.

4. Discussion

Pl and NMI-based cost functions produce more accurate estimates than other cost functions
in phantom studies. In patient studies, the Pl-based estimate was either comparable or better
than the NMI-based estimate in terms of visual image quality. We note that NMI showed
better correlation with the AvDistErr metric in the preliminary assessment reported herein,
but it did not guarantee better visual quality in the consensus reading by human observers.
Mutual information measures use the joint probability distribution which does not account
for the spatial relationship of pixel intensities. Pattern intensity on the other hand is sensitive
to differences in spatial structure in the images to be registered that are larger than the noise-
related variations. Image quality indices based on structural similarity are known to correlate
better with the response of human visual system (Wang et al, 2004). This may explain why
Pl is able to produce better visual quality than NMI in some patient studies. The lack of
improvement with Pl in other patient studies may be due to the difficulty of appropriately
tuning the noise variance parameter, since the noise in Poisson data is signal-dependent. In
our studies, we set this parameter empirically using NCAT simulations (Section 2.1.4).
Therefore, the NMI-based cost function may sometimes be preferred as it involves no tuning
of parameters. Filtering the projections with a 2D Butterworth filter did not improve the
performance of Pl due to reduced contrast. Note that all the cost functions implicitly assume
a stationary noise model. Though Pl may be adapted for non-stationary noise by estimating
the noise-variance parameter locally, this approach was not taken as it would add to the
complexity and require more free parameters to be tuned. However, variance stabilization
with the Anscombe transform (Anscombe, 1948) may be used to make the noise stationary
and is expected to improve the performance of the cost functions. Non-linear filtering of the
projection data (Zhang, 2008) with variance stabilization may also improve data-driven
estimation in general through optimal noise suppression. This will be explored in future
work. We also found that in determining motion between groups of projections, computing
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the mutual information measure for each individual projection and adding them gives a more
robust estimation than pooling all projections in one.

Preliminary assessment of the cost functions has revealed that there exist many local minima
for all of the cost functions investigated with the current data-driven schemes. The problem
is worse when fewer angles are acquired at any given pose as in Table 3 with three motion
groups. The accuracy of the data-driven estimation schemes is also greatly affected by the
type of motion to be estimated. For example, estimating the rotation about Z-axis presents a
significant challenge. In our estimation scheme, the optimization was constrained to 5-DOF
in the first iteration with the rotation about Z-axis set to a predefined value. Using the 5-
DOF constraint in the first iteration generally leads to a better solution in the second
iteration of motion estimation. However, when there is rotation about Z-axis, this may cause
poor estimation. To test this possibility, we tried another set of experiments with this
constraint removed, i.e. all 6-DOF were estimated in the first iteration. However, the
estimation of rotation about Z-axis was not improved by this change due to the limited angle
artifacts in the partial reconstructions which give an appearance of rotation about Z-axis
even when no such rotation is present. Increase in the frequency of motion from a single
pose change to two increased the estimation error from 4-5 mm to 7-8 mm on average in
the NCAT phantom study. These problems arise due to the use of a sequential estimation
technique where the partial reconstruction is gradually updated and each group’s motion is
estimated sequentially. Thus errors made in estimating previous motion groups degrade the
quality of the partial reconstruction when updated, and make subsequent motion estimations
worse.

The sequential estimation scheme also introduces additional free parameters such as the
ordering of groups. Besides, the attenuation map obtained from the transmission study
acquired before the second rest is not used as it is not necessarily aligned to the largest
motion group. This introduces errors in the matching of re-projected and measured data,
which are solely the effect of attenuation. We hypothesize that these limitations may be
averted by using a simultaneous estimation scheme where all the motion groups are
estimated simultaneously in a single optimization framework, and all projections can be
used to simultaneously reconstruct the object. With such a scheme, we expect the rotation
about Z-axis to be estimated with greater accuracy as there will be no limited angle artifacts
to confound the estimation. However, there is a fundamental limitation of data-driven
estimation based on the information content of the projection data. We hypothesize that the
Fisher information matrix may be used for determining the estimability of motion
parameters and to examine the fundamental limit of motion severity at which the parameters
are no longer estimable. This is currently being investigated in our other work.

With respect to estimating gradual ramp-like motion or increased step-like motion
occurrences, we note that there is a trade-off involved between the number of motion groups
and the estimation accuracy. Fewer motion groups are estimated with greater accuracy, but
the transformation itself is a coarse estimation, whereas more motion groups are estimated
with lower accuracy. In the current methodology more motion groups imply that the motion
is estimated from less data, making the estimation more difficult. In a simultaneous
estimation scheme, the number of motion parameters to be estimated increase n-fold for n

Phys Med Biol. Author manuscript; available in PMC 2014 November 07.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Mukherjee et al.

Page 15

motion groups. In practice, data-driven methods may need multiple iterations with
successive refinements to the partitioning of projection data into motion groups for
estimating such motion.

The division into motion groups in our studies has been facilitated by the availability of a
secondary source of information (truth in simulations, VTS in patient studies). We did not
investigate having to estimate the groups as well as the motion. We do suspect that
estimating both will result in a degradation of estimation, but the extent of change in
performance will be investigated in future. We do not necessarily want to exclude the
external tracking information; rather we envision the best strategy to be a combination of
data-driven and external tracking with a simplified external tracking device to reduce cost.
Such an external device will only provide the timing information corresponding to the
changes in pose of the subjects.

The AvDistErr in patient studies is not a measure of accuracy, rather a metric to compare the
external and data-driven estimates. Disparity between data-driven and external-tracking
based estimates may arise from multiple sources such as, inaccuracies in the data-driven
estimation due to lack of enough information in the projections about the motion involved or
some limitations of the estimation scheme; inaccuracies in external-tracking estimates due to
poor line-of-sight during acquisition or displacement of the marker belt relative to patient
body during movement; or a true breakdown in correlation between internal and external
motion as observed with some types of movement (King et al 2009). We therefore use the
consensus reading by human-observers to assess which estimation gives an improvement in
visual image quality, which we observed did not match the relative magnitude of the
AvDistErr except in patient 1. In that patient, large AvDistErr of 8 mm was associated with
better visual image quality of Pl-based data-driven estimation compared to the external-
tracking. The visual quality is therefore affected in a complex way by the relative magnitude
of the error along each axis. Additionally, the system resolution (8mm at 10 cm from the
camera face) reduces the amount of intensity change in the projection data due to motion
and thus AvDistErrs of 1-2 pixels may or may not be perceptible visually depending on
when the motion occurred and the orientation of the patient at the time.

In patient studies, the possibility that internal organ motion and externally measured motion
may not be correlated for some types of motion introduces further uncertainty in the
validation of the data-driven approach. Thus, an unambiguous measure of truth is not
available for a rigorous comparison of the two techniques. In future work, this issue will be
resolved with the availability of a volunteer-derived XCAT with realistic internal and
external motion profiles (Connolly et al 2011) both known a priori by virtue of the MRI data
and the VTS tracking. Lastly, patient studies involve respiratory motion which was not
corrected herein. It was also observed that the second rest studies had greater amplitude of
respiratory motion for some patients, which may be associated with the anticipation of
impending motion. Respiratory motion induced blurring may influence the accuracy of data-
driven estimation. The extent of respiratory motion induced error will be investigated in
future studies.
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5. Conclusion

Our results demonstrate the feasibility of using the data-driven algorithm for 3D motion
correction of cardiac SPECT imaging for infrequent motion occurrence. In summary, Pl and
NMI-based cost functions produce more accurate estimates than other cost functions in
phantom studies. From the consensus reading by human-observers in patient studies, 3
studies had the best visual image quality with external-tracking estimate. In one study visual
image quality was best with Pl-based estimate. In the remaining study where little motion
occurred, PI/NMI-based data-driven estimates were comparable to external tracking with no
significant difference between any of the strategies. The visual quality of data-driven
estimation with and without the aid of external motion tracking prior was observed to be
similar in patient studies.
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Figure 1.
Figure shows two data-driven estimation schemes adapted from Kyme et al (2003) in this

work. The cost functions investigated to optimize the transformations were 1) mean-squared
difference (MSD), 2) total mutual information (M), 3) total normalized mutual information
(NMI), 4) average pattern intensity (PI) 5) normalized cross-correlation (NCC) and 6)
entropy of the difference (EDI). (a) Scheme A: the cost function only includes the

projections in motion group M; for estimating Ti. (b) Scheme B: the cost function includes

projections at motion group M; as well as Mg for estimating T. This extra step is shown by
red arrows.
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Figure 2.

The transformation parameters vs. the projection indices for the complex motion simulation

which was based on the measured motions during a clinical cardiac SPECT study as
determined by the external-tracking system. Rotation angles are shown on the left and

translations about X, Y, and Z axes are shown at the right. Two camera heads acquiring over

180 degrees were simulated.
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Figure 3.
The average distance error (AvDistErr) is calculated as the average of the magnitudes of

distance errors for all voxels within the heart volume.
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Figure 4.
Joint histogram of an aligned re-projection of a noisy reconstructed NCAT phantom (along

vertical axis) with the actual projection (along horizontal axis) (a) without filtering and (b)
with filtering. The bin (0, 0) is at the top left corner.
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Figure 5.

NCAT phantom study with (Left) Complex motion and, (Right) Zthree Rotation from Table
1 for (a) uncorrected motion (b) corrected using MSD (c) corrected using NCC (d) corrected
using PI (e) corrected using M1 (f) corrected using NMI (g) corrected using the true motion.
All cost functions are used with the data-driven Scheme B, without any prior initialization
with the truth. All cost functions estimate the complex motion with errors of 4-7 mm,
whereas failed to estimate the rotation about Z-axis accurately with errors up to 1 cm or
more. The red arrows indicate the location of the artifacts due to motion. At the left the
artifact appears as a distortion in the shape of the heart walls, whereas at the right the artifact

is seen as a flattened apical region.
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Figure 6.
Patient 1 (Left) and Patient 2 (Right) in Table 5. Rows (a) First rest study (b) Second rest

study without correction (c) Second rest study corrected with the data-driven method using
NMI as the cost function following Scheme B, without the aid of external motion tracking
prior. (d) Second rest study corrected with the data-driven method using NMI as the cost
function and external motion tracking prior following Scheme B. (€) Second rest study
corrected with the data-driven method using Pl as the cost function following Scheme B,
without the aid of external motion tracking prior. (f) Second rest study corrected with the
data-driven method using PI as the cost function and external motion tracking prior
following Scheme B. (g) Same study corrected with external motion tracking estimates only.
(Left) The red arrows indicate the artifactual slit at the apex due to motion, and better
correction in rows (e) and (f) compared to other rows. (Right) The red arrows indicate the
location of the artifact in row (b) showing elongated ventricular walls and recovery in other
rows.
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The average distance error in mm of the data-driven estimates using PI, NMI and MI cost functions relative to

the external-tracking estimates in patient studies

Patient Study PI NMI MI
1 8.31 8.32 5.56
2 6.68 5.18 3.55
3 3.74 4.76 4.48
4 4.67 2.76 5.42
5 4.29 9.06 12.19
Average 554191 6.02+2.62 6.24+3.42
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Table 7

The ranking of visual image quality achieved by the motion correction strategies based on the consensus
reading by human observers. Strategies ranked were (1) External tracking only (EXT) (2) data-driven using PI
(PI) (3) data-driven using PI and external tracking prior information (PIWEXT) (4) data-driven using NMI
(NMI) (5) datadriven using NMI and external tracking prior information (NMIWEXT) (6) No motion
correction (UNC).

Patient Study Ranking¢
1 Pl = PIWEXT>EXT>NM = NM wEXT>UNC
2 EXT =z Pl = PIWEXT = NM wEXT>NM >UNC
3 EXT>PI = PIWEXT = NM >NM wWEXT>UNC
4 Pl = NM = NMWEXT = PIWEXT = EXT = UNC
5 EXT>PI = PIWEXT>NM = NM wWEXT>UNC

'T'No perceivable difference : =, slightly better : 5, significantly better : >
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