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Abstract-Patient motion can significantly hamper the high
resolution imaging capability of PET scanners. Frame-acquired 
(dynamic) PET images are degraded by inter-frame and intra
frame motion artifacts that can degrade the quantitative and 
qualitative analysis of acquired PET data. This calls for appro
priate motion-correction techniques that can considerably reduce 
(ideally eliminate) inter-frame and intra-frame motion artifacts 
in dynamic PET images. 

We present a novel approach called Generalized Inter-frame 
and Intra-frame Motion Correction (GIIMC) algorithm [1] that 
unifies in one framework the inter-frame motion correction capa
bility of Multiple Acquisition Frames and the intra-frame motion 
correction feature of (MLEM)-type Deconvolution methods. Our 
method employs a fairly simple but new approach of using 
time-weighted average of attenuation sinograms to reconstruct 
individual (dynamic) frames. We also provide a mean-motion 
threshold for individual frames to construct a framing sequence. 

We conduct three sets of experiments using a real-patient 
motion profile acquired by a Polaris motion tracker that esti
mates 3-D motion transformations during PET acquisition. The 
first experiment is based on the Conventional Approach where 
we use one of the attenuation sinograms (preferably the one 
corresponding to the J.L-map transformed by the median motion
transformation) to reconstruct individual frames. The second 
experiment is based on the Proposed Approach where we use the 
time-weighted average of attenuation sinograms to reconstruct 
individual frames. The third experiment is based on the Hypo
thetical Approach where we use the same attenuation sinogram in 
the forward projection (generating brain-sinograms) and back
projection (reconstructing images) processes. This approach is 
extremely pivotal in helping us to nail down the nature of motion 
artifacts that appear in motion-compensated images. Results 
from Hypothetical Approach clearly attribute these artifacts to 
transmission-emission mismatches induced by patient motion. 

We show, through extensive simulation studies and patient 
data that the proposed GIIMC algorithm outperforms conven
tional techniques producing images with superior quality and 
quantitative accuracy. Ongoing work revolves around markerless 
motion tracking approach to extract patient motion. We employ 
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a novel natural feature tracking set-up that provides reliably 
accurate pose measurements without imposing any attachments 
to the head. Natural or intrinsic feature tracking performs 
numerous natural facial feature extractions followed by centroid 
computations that give reliably accurate pose measurements 
during scans for motion compensation. 

Index Terms-inter-frame motion correction, intra-frame mo
tion correction, Karcher's mean, inter-iteration smoothing, time
weighted averaged attenuation sinogram, (MLEM)-type decon
volution, transmission-emission mismatch artifacts 

I. INTRODUCTION 

POSITRON Emission Tomography has emerged as a pow

erful imaging technique enabling in vivo measurements 

of neurochemistry and physiology [2]. High resolution brain 

PET imaging has allowed high quality image acquisitions with 

a spatial resolution of 2 - 5 mm FWHM range. Despite 

enhanced spatial resolution, PET images can be severely 

degraded by patient motion thereby undermining the high res

olution imaging capability of the scanner. Equation (1) relates 

the effective resolution of a PET image, FW H Mej ject ive, 
with the intrinsic resolution of the scanner, FW H Mtomograph, 
and the FWHM of the distribution of patient's motion, 

FW H Mmotion [3]. Resolution degradation is evident from (1) 
when FW H Mtomograph is comparable to FW H Mmotion. 

FW H Mejject ive = J FW H Mlomograph + FW H M;'otion (1) 

Frame-acquired (dynamic) PET images suffer from inter

frame and intra-frame motion artifacts that can degrade the 

quantitative and qualitative analysis of PET data in the follow

ing ways: (1) Patient motion introduces transmission-emission 

mismatches which leads to an incorrect scatter and attenu

ation correction in the (OSEM) reconstruction process. The 

reconstructed dynamic images carry an erroneous estimates of 

radioactivity distribution [4], [5]. (2) Patient motion modifies 

the Time Activity Curves (TACs) at a voxel or ROI level 

which results in an erroneous estimate of kinetic parameters 

[6]. (3) Patient motion causes a loss of contrast due to motion

blurring artifacts which leads to a poor discernibility of small 

structures like lesions [7], [8]. This calls for an appropriate 

motion-correction techniques that can considerably reduce 

(ideally eliminate) inter-frame and intra-frame motion artifacts 

in dynamic PET images. 

Dynamic brain PET imaging sessions are typically very 

long (rv 60 - 120 mins) making it unreasonable to assume 
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that even very cooperative patients remain static for the entire 

acquisition duration [9]. This assumption is even worse if the 

patient is suffering from neuro- or psycho-disorders resulting 

in involuntary motion e.g. restless-leg syndrome and epilepsy 

[8], [10]-[12]. Voluntary head movements due to coughing, 

leg crossing, etc. are commonly observed in PET scans [13]. 

Existing motion correction techniques may be grouped into 

two broad categories [7]: A) algorithms that employ motion 

information acquired from optical tracking apparatus [8], [14]. 

B) algorithms that realign reconstructed PET frames and co

register it to a template (reference) frame [5], [7], [15]. Table I 

attempts to summarize motion correction approaches in brain 

PET imaging. It highlights the pearls and pitfalls of the 

algorithms used for motion correction in dynamic brain PET 

imaging. 

The method of Multiple Acquisition Frames (MAF) [14] 

corrects inter-frame motion artifacts by removing average 

motion from all the independently reconstructed frames. The 

drawback is that a high motion threshold neglects considerable 

intra-frame motion. By contrast, a low motion threshold results 

in acquisition of low-statistic frames, thereby, degrading image 

quality and increasing the number of frames which proportion

ally increases reconstruction times [3]. 

Another approach for motion compensation in PET imag

ing is to employ (MLEM)-type deconvolution based on the 

Richardson-Lucy algorithm [16], [17]. The reconstructed im

age is used to estimate the original non-corrupted image using 

MLEM techniques [8], [10]. The drawback is the occur

rence of attenuation artifacts that can arise from transmission

emission mismatches, as we further explore in this work. 

A solution to eliminate transmission-emission mismatch 

artifacts is to correct the individual lines of response (LORs) 

for motion [12], [18]. However, this approach requires access 

to the acquired list-mode data. More importantly, it has been 

shown that mere motion-compensation of LORs can lead to 

artifacts, and must be accompanied by modifying probabili

ties of detection due to motion [19]-[22], posing additional 

algorithmic and computational complexity to the problem. 

Our approach of Generalized Inter-Frame and Intra-Frame 

Motion Correction (GIIMC) [1] falls under Category A. We 

exploit motion information acquired from Polaris tracking 

device to compensate for motion artifacts. GIIMC Algorithm 

unifies in one framework the inter-frame motion correction 

capability of Multiple Acquisition Frames and the intra-frame 

motion correction feature of (MLEM)-type Deconvolution 

methods. 

The GIIMC algorithm addresses the short-comings posed 

in Table I (and elaborated above) and carries the following 

interesting features: 

• Incorporation of inter-frame and intra-frame motion cor

rection within one framework and enabling preservation 

of desired dynamic frame sequence. 

• Reducing transmission-emission mismatches by recon

structing the individual frames with a time-weighted 

average of attenuation sinograms for each frame. 

• Averaging of motion-transformations is done using a 

Riemannian distance function (metric) that preserves the 

spatial and geometrical features of the transformation 

matrices. 

• Suppression of noise propagation in iterative deconvolu

tion process by performing inter-iteration smoothing with 

a Gaussian filter (FW H M = 2) . 
• Does not require list-mode data acquisitions. 

II. TOOLS 

This section characterizes head-motion in dynamic PET 

imaging as a 3-D rigid body motion, explains the topology 

of 3-D rigid transformations and delineates an algorithm to 

compute (time) weighted-averages of sets of transformation 

matrices. 

A. 3-D Rigid Body Motion 

In brain PET imaging, patient motion is modeled as a 3-

D rigid body motion and, thus, follows the 3-D rigid body 

kinematics. Sec 2.1.1, describes the topology of 3-D rigid body 

transformations that forms a Special Euclidean Group, SE(3). 

Sec 2.1.2 explains the process of averaging transformations 

which is pivotal in inter-frame motion correction in dynamic 

PET imaging. 

1) 3-D Rigid Body Transformation, SE(3): 3-D rigid body 

motion can be completely characterized by a set of 4 x 4 

transformation matrices of the form [23]: { ( :  �) IRE SO(3), v E �3 } 
where R is a 3 x 3 rotation matrix and v is a 3 x 1 translation 

vector. This forms a Special Euclidean Group, SE(3), which 

is a 6-D manifold (3 rotation and 3 translation parameters). 

SO(3) is the group of 3-D rotational matrices defined as 

follows: 

SO(3) = {R E GL(3): RRT = I, Idet(R)1 = I} 

where GL(3) is a set of 3 x 3 non-singular matrices (Gen

eralized Linear Group). These constraints together with the 

identification of antipodal points i.e. points that generate the 

same rotation matrix completely characterizes the topology of 

SO(3) [23], [24]. 

2) Averaging Transformations: The first step to correct 

for inter-frame motion is to compute average motion in 

each independently reconstructed frame. This is equivalent to 

computing a transformation matrix which gives the average 

(mean) motion in each frame. A point that merits close 

attention is that mere averaging (in a Eucledian sense) of 

the elements of transformation matrices loses (except in few 

exceptions e.g. pure translations) the geometric properties 

of the individual transformations and, hence, is not a valid 

transformation matrix [25], [26]. Unlike, translation vectors, 

the group of rotations, SO(3), forms a manifold where the 

notion of Euclidean mean does not translate easily [24]. 

These 4 x 4 transformation matrices form a Riemannian 

manifold and computation of the (time) weighted-mean 

transformation requires a metric defined on it. To preserve 
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the spatial and geometric properties of the transformation 

matrices we employ Karcher's iterative procedure that 

uses a Riemannian metric defined on the manifold [25], 

[27]-[30]. Algorithm 1 outlines a procedure of estimating 

(time) weighted-mean transformation with a fast convergence 

rate. The time-weights of each motion transformation for 

individual frames are derived from the motion file acquired by 

a Polaris Motion Tracking device (Sec 3) during a PET study. 

Algorithm 1 (Karcher's weighted-mean transformation) 

Given a set of N linear spatial transformation matrices, 

{Ti}�l and the corresponding time weights, {Wd�l: 
1) Pick any Ti (:= Q) and a stopping tolerance <5 > O. 
2) Compute M = 1J 2::1 Wi . exp-1(TiQ-1). 
3) If IIMII < <5 then stop and set Tmean = Q. 
4) Update Q := Q exp(M) and goto step (ii). 

Karcher's iterative method of computing (time) weighted

mean transformation is preferred over Normalized Quaternions 

approach where one has to deal with quaternions q and -q 
representing the same rotations. The details on the necessary 

and sufficient conditions for the existence and uniqueness of 

Karcher's mean and the convergence of the iterative Alorithm 

1 are contained in these references [24], [29], [31]. 

III. GENERALIZED INTER-FRAME AND INTRA-FRAME 

MOTION CORRECTION ALGORITHM 

With the notion of (time) weighted-mean transformation 

defined, Algorithm 2 outlines the procedure for the GIIMC Al

gorithm in frame-acquired PET Imaging. The following steps 

single out the interesting features of our motion-correction 

algorithm: 

• Step (i) computes the (time) weighted-average of trans

formation matrices using a Riemannian distance function 

that preserves its spatial and geometrical features. 

• Step (ii) computes, for each frame, the time-weighted 

averaged attenuation sinogram to coregister with the 

emission data thereby reducing transmission-emission 

mismatch artifacts. We substantiate through detailed ex

perimental studies involving Conventional and Proposed 

Approaches (Sec 4.5.1-3) that our motion-correction al

gorithm considerably reduces transmission-emission mis

match artifacts. 

• Step (iv) performs inter-frame motion correction using 

the mean-motion transformation from Step(i). 

• Step (vi) performs intra-frame motion correction us

ing iterative (MLEM)-type deconvolution procedure. The 

smoothing operator S is a Gaussian filter (FW H M = 
2mm) that suppresses noise propagation by performing 

inter-iteration smoothing. 

Algorithm 2 (GIIMC Algorithm) 

Given a set of M -dynamic frames {Yj }�1' the corresponding 

set of Nj motion transformation matrices for each frame 

(indexed by j), {Ti,j} �1 M]=l' and the respective time weights, 
N· M ' 

{Wi,j} i�1,j=1: 
1) Compute the mean transformation using Algorithm 1 

(Sec 2.1.2) for each frame, {T mean,j }�1' 
2) Forward-project the p,-map(s) transformed by {Ti,j}�1 

for each frame j to get the attenuation sinograms, 

{Ai,j} �1' Compute the time-weighted average of the 

attenuation sinograms, {Amean,j }�1' via: 

Nj 
Amean,j = L wi,jAi,j 

i=1 
3) Reconstruct each emission frame Yj using the time

weighted average of the attenuation sinograms, Amean,j, 
to generate a set of images, {r;eCon }�1' 

4) Correct for inter-frame motion in each frame via: 

{Qj}�1 = {T;;�an,j}�1 . {I;econ}�1 
5) Compute the residual transformations for remaining mo

tion contamination within each frame: 

{Tres}Nj M _ {T-1 }M {T }Nj M i,j i=1,j=1 - mean,j j=l ' i,j i=1,j=1 
6) Correct for intra-frame motion via Richardson-Lucy 

iterative deconvolution for each frame: 

Nj 
An+! = An "" Wi . Tres-" Qj 

] ] � ,] t,] ",Nj .. Tres S( ' n) i=1 L.., i=1 W,,] i,j /\j 
where Aj is the generated image for each frame at 

the n-th iteration. S is an inter-iteration smoothing 

operator (e.g. Gaussian filter, FWHM = 2mm). S = I 
(identity operator) when no inter-iteration smoothing is 

performed. 

IV. METHODS 

A. Tomograph 

PET data was acquired on the second generation High 

Resolution Research Tomograph (HRRT) [32]. The detector 

heads in the octagonal design consist of a double 10 mm 
layer of LSO/LYSO for a total of 119,808 detector crystals 

(crystal size 2. 1 x 2 .1 x 10 mm3). The total number of possible 

LORs is 4.486 x 109 [33]. 

B. Polaris Motion Tracking and Calibration 

GIIMC algorithm exploits motion information acquired dur

ing a PET study using external motion tracking device. In 

particular, we used Polaris Vicra to track head motion [13]. 

Polaris Vicra is a high resolution « 3 mm) infra-red (lR) 

optoelectronic system that uses 4 IR retro-reflective spheres in 

a known geometry. In a phantom study, the tracker is taped to 

the head and in a human study it is fixed to the head via an 

elastic swimming cap. The 4 spheres face the Polaris inside the 

gantry which in turn acquires motion transformations at 30 ms 

resolution. The Polaris system is synchronized with the PET 

acquisition using a TCL (Tool Command Language) script and 

the program generates a motion file containing time-stamped 
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motion parameters (4 quaternions and 3 translations). Polaris 

motion tracking is insensitive to lighting conditions, uses 

significantly less disk space for data storage (in comparison to 

saving optical image sequences) and is commercially available 

and economical. 

Polaris-to-Tomograph transformation, [P2T]4X4, was com

puted via a series of calibration experiments performed simul

taneously with Polaris and transmission scan measurements 

[22], [33]. The Polaris tool was placed in a static position in 

the scanner and the coordinates of its center along with its ori

entation (quaternion and translation vectors) were determined 

by Polaris. Given the knowledge of the relative positions of 

the 4 spheres, the 3-D positions of the spheres were extracted. 

During this time, a 10 min transmission scan of the tracking 

tool was also obtained. From the reconstructed transmission 

image, the coordinates of the 4 spheres were determined by 

first isolating the 4 spheres from the clamp-plate and then 

fitting a 3-D Gaussian to the center of each sphere. This 

entire process was repeated 10 times to increase the accuracy 

of the calibration. [P2T]4X4 was obtained by employing a 

least squares fit to the Polaris and tomograph measurements 

[34]. [P2T]4X4 is later applied during the post-reconstruction 

motion compensation procedure. 

The motion file generated by the Polaris Vicra consists of 

motion transformations in the form of a quaternion vector, 

[Qo Q1 Q2 Q3], and a translation vector, [Tx Ty Tz] i.e. 7 

numbers. We first average the motion-transformations accu

mulated over 1 sec intervals to reduce Polaris measurement 

noise. This gives us motion-transformations corresponding 

to each second of PET acquisition. This is followed by a 

combination of a motion threshold of 0.2 mm (a tenth of 

FW H Mtomograph) and a time threshold of 15 sec dura

tion to generate multiple motion frames. The time threshold 

eliminates impulsive motion i.e. movements that last for an 

extremely short duration over which the PET data is fairly 

constant. With an appropriately pre-defined framing sequence, 

this gives us a collection of significant motion transformations 

indexed by time-stamps. In Algorithm 2, the swnificant motion 

transformation were represented by {Ti,j} i;:l 7=1 and the 

time-stamps gives us the time weights, {wd � 1,7= l' where 

M is the total number of frames and Nj is the number of 

significant motion transformations obtained for each frame j. 

C. Simulation and Experiments 

We used a Mathematical Brain Phantom (MB-Phantom) 

to conduct phantom studies using real-patient motion pro

file acquired by Polaris Vicra during Human PET studies. 

MB-Phantom contains continuous structures that obviates the 

interpolation step while introducing motion. MB-Phantom 

is constructed using subdivision surfaces [35]. Subdivision 

surfaces enable efficient modeling of arbitrary topological 

structures like brain, skull, muscle tissue, and vasculature. 

The details on surface modeling are contained here [33] 

and the references therein. Figure 1 shows the transaxial 

slice of the MB-Phantom. The activity-numbers in the MB

phantom were derived from an FDG study. We then performed 

(a) (b) 
Fig. 1. (a) Mathematical Brain Phantom (MB-Phantom). (b) Transaxial slice 
of the MB-Phantom. 

analytical simulations incorporating attenuation, normalization 

and realistic Poisson noise. 

We conducted three sets of experiments corresponding to 

Conventional Approach, Proposed Approach, and Hypotheti

cal Approach. Figure 2 shows a generic flowchart for the three 

experiments. 

1) Conventional Approach: Conventional Approach uses 

one of the attenuation sinograms (preferably the one corre

sponding to forward-projection of the J.L-map transformed by 

the median motion-transformation) to reconstruct individual 

dynamic frames. 

2) Proposed Approach: Proposed Approach uses the time

weighted average of attenuation sinograms to reconstruct 

individual dynamic frames. 

3) Hypothetical Approach: Results (see Sec 6) from the 

experiments based on Conventional and Proposed Approaches 

show, qualitatively and quantitatively, that our Proposed Ap

proach of GIIMC algorithm clearly outperforms Conventional 

Approach by substantially reducing motion artifacts in motion

compensated dynamic images. However, to help nail down the 

nature of these artifacts, we conduct an additional Hypothetical 

Approach where we use the same attenuation sinogram in 

the forward projection to generate brain-sinograms and back

projection to reconstruct them. It is called "Hypothetical" as 

it is an impossible physics scenario because in a real-time 

study as the emission map of a patient moves during PET 

acquisition, the J.L-map changes accordingly. This is quite a 

revealing experiment, as the results (Sec 6) would show, that 

we do not see any transmission-emission mismatch artifacts 

in motion-compensated dynamic images in this scenario. We 

use results from this approach as a benchmark for quantitative 

and qualitative analysis of the other two approaches. 

D. Subject Studies 

We conducted experiments on clinical subjects to acquire 

a real-time motion profile during a routine dynamic PET 

study. The Polaris Vicra and PET acquisition system were 

synchronized with a master clock using TCL scripts. The 

tracking tool was fixed to the patient's head via an elastic 

swimming cap. Before scanning, appropriate measures were 

taken to minimize relative motion between the tracker and the 

patient's head and to ensure that the tracker does not slip away 

during scanning. The patients were injected with rv 24 mCi 
of FDG 1. 75 hr s prior to scanning. A transmission scan 
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show negligible motion and, hence, is used as a Reference 

� ___ ---L. ___ ----. frame for quantitative and qualitative analysis. We performed 

experiments, based on the Conventional Approach (Sec 4.3.1) 

'--___ ,---___ ...1 and the Proposed Approach, on the acquired real-patient 

GENERALIZED INTER-FRAME AND 
"--____ -! INTRA-FRAME �

G
�
I
��� CORRECTION 

ALGORITHM 2 

Fig. 2. Flow chart of the three approaches: Hypothetical Approach, 
Conventional Approach, and Proposed Approach of GIIMC algorithm. Nj 
is the total number of significant motion transformations for each frame j. 
There are M frames in total. In the Hypothetical Approach we use the first 
attenuation sinogram A1,j of each frame to generate and reconstruct brain 
sinograms. In the Conventional Approach we use the attenuation sinogram 
corresponding to the /-i-map transformed by the median transformation of each 
frame to reconstruct brain sinograms. In the Proposed Approach we use the 
time-weighted averaged attenuation sinograms for each frame to reconstruct 
brain sinograms. 

was performed for the first 6 mins followed by a 25 mins 
emission scan. The patient was asked to remain very still 

during the first 5 mins of the emission scan to acquire a 

Reference image with minimal motion. After that the patient 

was asked to make the following movements for the remaining 

20 mins of emission scan: 

• head rotations, clockwise and counter-clockwise 

• up-and-down head movements 

• neck movements 

• facial movements e.g. lifting eyebrows, jaw movements, 

ear movements 

• leg crossing, arm movements 

• vocal movements i.e. talking 

Polaris Vicra generated a motion file from which significant 

motion transformations for individual frames were extracted 

as expounded in Sec 4.2. Figure 3 shows the motion profiles 

for the scanned patients. The green markers, ., shows the 

frame time points (9 frames in total). The framing sequence 

is 300 sees x 1, 150 sees x 8. The first 5 mins clearly 

data and validated our findings from the phantom experiments. 

Note: We cannot use a Hypothetical Approach with real

patient PET data as it is an impossible physics scenario. As the 

patient moves during PET acquisition, the p,-map changes ac

cordingly. The challenge is to minimize transmission-emission 

mismatches to achieve motion-compensated dynamic PET im

ages with superior quality (e.g. closer to the Reference image 

in some norm). GIIMC Algorithm addresses this problem by 

using the time-weighted average of the attenuation sinograms 

for each frame to suppress transmission-emission mismatches. 

E. Quantitative Metrics 

This subsection elaborates on the quantitative metrics used 

to analyze the motion-compensated dynamic PET images 

generated from the afore-mentioned experiments. The Ref

erence images used in these computations correspond to the 

reconstructed images of Frame 0 (first 5 mins of emission 

scan) which contains negligible motion (see Figure 3). We 

prefer it over the original image as the later does not account 

for Partial Volume Effects (PVE) [33]. 

1) Ll Error Norm: Ll error norm is a pointwise compari

son between the Reference image and the motion-compensated 

PET image. It is defined as follows: 

N 
III, J i ll = L II [i]- J [i]1 

i=l 
where Reference image is denoted by J E MNx1(�)' 
Motion-compensated image is denoted by I E MNxl(�)' 
and N is the total number of voxels. 

2) Mean Displacement (Disp): We use the (time-weighted) 

mean displacement, Disp, to quantify motion contamination 

in a dynamic PET image. For each dynamic frame, Disp is 

calculated with respect to the mean-motion transformation, 

Tmean, for that frame. Tmean is computed using the Karcher's 

algorithm explained in Sec 2.1.2. 

6j [i] 
Jnorm 
DisPf 

= IITJ {i} - Tf,mean {i}II 
- J 

I:f=l J[i] 
= 2::1 2:��1 wjJnorm [i] 6j [i] 

(2) 

(3) 

(4) 

where Reference image is denoted by J E MNxl(�)' N is 

the total number of voxels indexed by i = 1,2,··· , N. Nf 
is the total number of significant motion transformations for 

each frame f. f is a frame index and a = 1,2, . . .  ) Nf is a 

motion transformation index. TJ{ i} is the spatial coordinates 

of voxel i under the motion transformation TJ. Tf,mean {i} 
is the spatial coordinates of voxel i under the mean motion 

transformation. wj are the time-weights for the motion trans

formations for each frame f. Scaling by Jnormalized neglects 

voxels that fall outside the object space. 
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3) Noise (RNSD) and Bias (RB): We quantitatively 

analyzed different Regions of Interests (ROIs) like White 

Matter, Caudate, Putamen, Cingulate, Thalamus, Globus 

Pallidus, Front-Orbital Gyrus, and Occipitotemporal Gyrus. 

ROIs were drawn on exact boundaries of these regions 

and regional bias, RB, and regional normalized standard 

deviation, RN SD were calculated for each ROI [33]. 

Let T' = 1, 2, . . .  ,8 index the 8 ROIs. >t denotes reconstructed 

activities of ROI T' in motion-compensated image. p,T denotes 

activities of ROI T' in Reference image. 

RBT 

RNSDT 

_ W -!LTI 
!L'r 

�Lil_l Lf3ET )"f3->.r )..T 

(5) 

(6) 

where LT is the total number of voxels in ROI T' and f3 E T' 

indexes them. 

_ Displacement (mm) 

rOO t ""' .. '''� 
i 

. Fr_n.... Ints 

� 50 
, 
ic 
Ci 00 5 10 15 20 25 

Time (min) 

Dlsplacement/mm) 

=:;;;J 
5 10 15 20 � 

Time/min) 

--=-'� Pl � 10 15 20 25 2°0 5 10 15 20 25 
Time (min) Time (min) 

Fig. 3. Column 1 shows motion profile for Patient A and Column 2 shows 
motion profile for Patient B for a 25 mins emission scan. Row I shows the 
displacement profile for Patients A and B respectively wrt to the transmission 
scan. Frame 3 shows a drift motion, Frame 5 shows drift motion and a steady 
motion phase, and Frames 7-9 capture large movements. Row 2 shows the 
translation profiles and Row 3 shows the rotation profiles in x, y, and z axial
directions for Patients A and B respectively wrt to the transmission scan. We 
see significant translational motion in the x axial-direction and significant 
rotational motion in the z axial-direction as expected. Green markers, ., 
shows the frame time points (9 frames in total). The framing sequence is 
300 sees x 1, 150 sees x 8. 

V. RES ULTS AND DIS C U S S IONS 

This section contains the results obtained from our phantom 

and human validation studies followed by discussion. 

A. Qualitative Analysis 

Figure 4 shows the images obtained from MB-phantom 

experiments. The images are divided into three sets based on 

the mean displacement: Low motion where Disp :s: 7 mm, 
Medium motion where 7 mm < Disp :s: 12 mm, and High 

motion where Disp > 12 mm. Each set contains images 

from the three approaches mentioned in Sec 4.5.1-3. We show 

(i) the motion contaminated image, (ii) inter-frame motion 

correction only and (iii) comprehensive motion correction with 

deconvolution iterations 5, and 10 respectively. 

Visual inspection shows that Hypothetical Approach pro

duces the best images wrt to the Reference image. As ex

pected, there are no transmission-emission mismatches and 

GIIMC algorithm considerably removes inter-frame and intra

frame motion artifacts. The results are consistent for motion 

levels Low-to-Medium-to-High. This confirms our theoretical 

claim of choosing these images as a benchmark for the 

Conventional and Proposed Approaches. 

The Conventional Approach produces images which greatly 

suffer from transmission-emission mismatch artifacts. In fact, 

of the three approaches, Conventional Approach carries the 

largest mismatch. These artifacts grow worse with increased 

deconvolution iterations and motion levels. Images from 

Medium-to-High motion levels are grossly corrupted with 

mismatch artifacts. 

The Proposed Approach produces images that outperform 

Conventional Approach for motion levels Low-to-Medium

to-High. The choice of time-weighted averaged attenuation 

sinogram to reconstruct individual frames significantly reduced 

transmission-emission mismatch artifacts as compared to the 

Conventional Approach. However, we do see artifacts in the 

form of asymmetric high activity region in Low motion and 

symmetric replicated-boundary artifacts in High motion as 

highlighted by white ellipses. 

The artifacts that we see in the motion-compensated im

ages from Conventional and Proposed Approaches are purely 

attributed to transmission-emission mismatches. The proof 

comes from the images of Hypothetical Approach (our bench

mark) which do not reveal such artifacts even for High motion 

levels. 

Figure 5 shows the images obtained from a human vali

dation study. The images are again divided into sets of Low 

motion, Medium motion, and High motion levels as mentioned 

earlier in the MB-phantom study. Each set contains images 

from Conventional and Proposed Approaches. The Reference 

image is the reconstructed image of Frame 0 (5 mins dura

tion) which has negligible motion. We show (i) the motion 

contaminated image, (ii) inter-frame motion correction only 

and (iii) comprehensive motion correction with deconvolution 

iterations 2, 5, and 10 respectively. The OSEM reconstruction 

iteration is the 10th iteration (16 subsets). 

Images from human validation study testify our conclusions 

from the MB-phantom study. We see that the Proposed Ap

proach of GIIMC algorithm produced motion compensated 

PET images with superior quality (close to the Reference 

image in norm) for Low motion level. However, for Medium

to-High motion levels we see that the transmission-emission 

mismatches (highlighted by white ellipses) start to dominate 

with increased deconvolution iterations similar to what we 

observed in the MB-phantom study. 

We conclude from these results that for Disp < 7 mm, 
our Proposed Approach of GIIMC algorithm produces motion

compensated dynamic images with superior quality. We will 
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True Image 

Low Motion 

(N6.32 mm) 

Proposed Approach 

Low Motion 

(N6.32 mm) 

Conventional Approach 

Low Motion 

(N6.32 mm) 

Hypothetical Approach 

Medium Motion 

(Nll.61 mm) 

Proposed Approach 

Medium Motion 

(Nll.61 mm) 

Conventional Approach 

Medium Motion 

(Nll.61 mm) 

Hypothetical Approach 

High Motion 

(N14.1 mm) 

Proposed Approach 

High Motion 

(N14.1 mm) 

Conventional Approach 

High Motion 

(N14.1 mm) 

Hypothetical Approach 

Fig. 4. (L to R) - motion-contaminated image, inter-frame motion corrected 
only, deconvolution iterations 5, and 10 respectively. White ellipses highlight 
the artifacts. Proposed Approach outperforms qualitatively the Conventional 
Approach. Conventional Approach has the largest mismatch artifacts. Hypo
thetical Approach is used as a benchmark as it has no transmission-emission 
mismatches. For Low motion level, Proposed Approach of GIIMC algorithm 
produces motion-compensated images with superior quality. 

substantiate this mean-motion threshold via quantitative anal

ysis in the next section. 

B. Quantitative Analysis 

This section contains results of MB-phantom and human 

validation studies using the quantitative metrics defined in Sec 

5. 

1) L1 Error Norm Curves: Figure 6 shows the L1 error 

norm curves (from MB-phantom study) for the three ap

proaches against deconvolution iterations. oth iteration implies 

inter-frame motion correction only. We omit plots for frames 

with negligible motion. We see that the Hypothetical Approach 

has the largest L1 error drop. The reason, supported by 

qualitative analysis, is that there is no transmission-emission 

mismatches and the reduction in inter-frame and intra-frame 

motion artifacts is maximum. The Proposed Approach shows 

a larger L1 error drop as compared to the Conventional 

Reference Image 

Frame 0 (5 mins) 

(-Omm) 

Low Motion 

Frame 3 (2.5 mins) 

(-6.02mm) 

Medium Motion 

Frame 2 (2.5 mins) 

(-7.64 mm) 

High Motion 

Frame 5 (2.5 mins) 

(-14.02mm) 

High Motion 

Frame 7 (2.5 mins) 

(-25.2S mm) 

Fig. 5. (L to R) - inter-frame motion corrected only, deconvolution iterations 
2, 5, and 10 respectively. For Low motion level Proposed Approach shows a 
superior recovery. For Medium-to-High motion levels transmission-emission 
mismatch artifacts appear with increasing deconvolution iterations. 

Approach. In fact, for the Conventional Approach, the L1 

error norm increases for Medium-to-High motion levels and 

deconvolution iterations > 5. This is also observed in the 

Proposed Approach case for Disp = 36. 1 mm. This is, 

again, attributed to transmission-emission mismatches which 

start to dominate for Medium-to-High motion levels and 

increased deconvolution iterations and are in agreement with 

the qualitative assessment. 

Figure 7 shows similar plots for human study. We show 2 

sets of curves: -.- shows the inter-iteration smoothing case 

and - e - shows the no-smoothing case (Algorithm 2, Step 

vi, Sec 3). We see that for Low motion levels, inter-iteration 

smoothing case shows a consistent L1 error drop. This is in 

agreement with the qualitative assessment that contaminated 

images in the Low motion level are recovered superiorly. How

ever, for Medium-to-High motion levels we see that the L1 

error norm rises with increased deconvolution iterations. This 

is, again, attributed to the transmission-emission mismatches 

that exists in such scenarios. On the other hand, no-smoothing 

case shows that, even for Low motion level, the L1 error 

shoots-up after few deconvolution iterations. This is due to 

the noise-propagation behavior of the iterative deconvolution 

scheme employed in GIIMC algorithm. 

We conclude this section by making two claims verified 

empirically: 

• Reconstructing emission images with time-weighted av

eraged attenuation sinogram for each frame substantially 

reduces transmission-emission mismatches. 

3073 



I -

�
, 

__ •• , ...... , •• , 2.4 x �Ol' 
-;- Int..-Itorallon Smoothlng IPropolod Approuhl 

2.2 -:- Inter-lterallon Smoothing IConventional Approachl 

-lnterolteratlonSmoothlnglltypolh.UuIApproachl 

1.8 

..J� 1.6 

I.' 

1.2 

Fig. 6. L1 error norm plot for different frames against deconvolution 
iterations (20th OSEM iteration). oth iteration implies inter-frame motion 
correction only. Proposed Approach outperforms Conventional Approach 
exhibiting a larger L1 error drop. For Low motion level, Proposed Approach 
greatly minimized transmission-emission mismatches and conform closely 
with the Hypothetical Approach (in norm). Hypothetical Approach shows the 
largest L1 error drop as it is free from transmission-emission mismatches 
and the GIIMC algorithm produces a high-quality motion-compensated PET 
images. With Medium-to-High motion levels, Conventional Approach shows 
an increase in L1 error because the transmission-emission mismatches start 
to dominate with increased deconvolution iterations. 
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Fig. 8. L1 error norm plot against Disp for individual frames. It shows 
increased discrepancy with high mean motion. Proposed Approach outper
forms Conventional Approach by significantly reducing transmission-emission 
mismatches. Proposed Approach and Hypothetical Approach show relatively 
similar performance for Low motion level (Disp < 7 mm) the motion
compensated PET image is closer (in norm) to the Hypothetical Approach. 
However, the discrepancy worsens with increasing mean motion. 

Figure 9 shows L1 - Disp plots (from human study) for 

the Proposed Approach and 10th deconvolution iteration. It 

shows two curves: - shows inter-iteration smoothing case 

and - shows no-smoothing case. As discussed earlier, this 

plot also shows that inter-iteration smoothing outperforms no

smoothing case by suppressing noise propagation in iterative 

deconvolution process. 

L1 vs Mean-Displacement (mm) 

2'0r-�������----'---------'---------'-------��-------' 
--- Inter-iteration Smoothing 

-.- No Smoothing 

- Inter-iteration Smoothing 240 • 

220 
Deconvolution Iterations Deconvolution Iterations 

200 

Fig. 7. L1 error norm plot for different frames against deconvolution 180 
iterations (20th OSEM iteration). oth iteration implies inter-frame motion ] 

correction only. Inter-iteration smoothing suppresses noise-propagation in the 
iterative deconvolution process. This is reflected by a larger L1 error drop 
as compared to no-smoothing case. With increased motion, transmission
emission mismatches become significant and artifacts appear in the motion-
compensated images. Proposed Approach of GIIMC algorithm shows en- 100 
hanced recovery of motion-contaminated images with Low motion level 
(Disp < 7 mm). 800 

- No Smoothing 

10 15 20 25 
Mean Displacement (mm) 

2) L1 Error Norm - Disp Plots: Figure 8 shows L1 -Disp 
plots (from MB-phantom study) for the three approaches 

and 10th deconvolution iteration. We obtain a proportional 

relationship between L1 error and Disp. Again we see that 

the Hypothetical Approach shows the best results followed 

by the Proposed Approach. Conventional Approach shows 

significant discrepancy with increasing Disp. An important 

point to note here is that the Proposed and Hypothetical 

Fig. 9. L1 error norm plot against Disp for individual frames. It shows 
increased discrepancy with high mean motion. Inter-iteration smoothing 
outperforms no-smoothing as it suppresses noise propagation in iterative 
deconvolution process. 

3) Noise-Bias Curves: Figure 10 shows Overall NSD-Bias 

plots for the three approaches across deconvolution iterations 

1, 2, 3, 5, 8, 10, 15, and 20 respectively (20th OSEM iteration). 

Compared with the benchmark (Hypothetical Approach) the 
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Approaches show similar performance for Low motion levels.
This is a quantitative proof based on empirical studies that, for
Disp < 7 mm, the Proposed Approach of GIIMC algorithm
produces motion-compensated dynamic PET images closer
to the benchmark. This is concordant with the qualitative
conclusions made earlier.



Proposed Approach outperfonns Conventional Approach in 

Noise-Bias trade-off for Low motion level. With increasing 

deconvolution iterations we see a greater reduction in bias 

at a cost of lesser increase in noise levels. However, for 

Medium-to-High motion levels we see noise-induces bias with 

increasing deconvolution iterations. 

60������--�--��--�----,-----,-------,------, .... Low Motion (-6.32 mm, Proposed Approach) 
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Fig. 10. Noise-Bias plots across deconvolution iterations 1, 2, 3, 5, 8, 
10, 15, and 20 respectively (20th OSEM iteration. Proposed Approach 
outperforms Conventional Approach for Low motion level with noise-bias 
trade-off conforming closely with the Hypothetical Approach. 

Figure 11 shows Overall NSD-Bias plots for the the Pro

posed Approach across OSEM iterations 10, 20, 30, 40, 

and 50 respectively and deconvolution iterations 3, 5, and 8 

respectively. For the same noise-level, we see reduction in 

bias with increasing deconvolution iterations. From Low-to

Medium-to-High motion levels we see high bias values which 

is in agreement with high L1 error values obtained earlier. 

Lower noise levels in motion-compensated images is attributed 

to the inter-iteration smoothing in the Proposed Approach. 

With increasing OSEM iterations, noise levels increases due to 

noise-propagation in the iterative OSEM process. Noise prop

agation in OSEM reconstructions can be controlled using e.g. 

the Inter-update Metz Filtered OSEM (IMF-OSEM) scheme 

that improves contrast-to-noise ratio of certain ROIs compared 

to the post-smoothing operation [36]. 
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Fig. 11. Noise-Bias plots across OSEM iterations 10, 20, 30, 40, and 50 
respectively for deconvolution iterations 3, 5, and 8 respectively. Proposed 
Approach show reduction in bias with increasing deconvolution iterations. 

40 

Figure 12 shows Overall NSD-Bias plots for different ROIs 

across deconvolution iterations 1, 2, 3, 5, 8, 10, 15, and 20 

respectively (20th OSEM iteration). In White Matter, Frontal

Orbital Gyrus, Cingulate, Thalamus, Putamen, and Caudate, 

the Proposed Approach recovers well for Low motion con

tamination. In Globus Pallidus we see that for Low motion 

level the noise escalation is smaller than that Medium motion 

level. However, High motion level produces noise-induced bias 

with increasing deconvolution iterations. 
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Fig. 12. Noise-Bias plots for different ROIs across deconvolution iterations 
1, 2, 3, 5, 8, 10, 15, and 20 respectively (20th OSEM iteration). Proposed 
Approach show better noise-bias trade-off for Low motion level where 
recovery is superior to that obtained with Conventional Approach. 

VI. ONGOING WORK 

Ongoing work involves development of a markerless motion 

tracking scheme. This approach completely detaches the pa

tient from the motion tracking apparatus and, hence, eliminates 

relative motion that may occur when a marker (tracker) is fixed 

to a patient's head (e.g. scalp-skull drift). We employ a Natural 

Feature Optical Tracking System to track patient motion. This 

optical motion tracking system (Figure 13) acquires real-time 

images for extracting and processing of features to measure 

changes in 3-D positions over time with matching to a rigid 

body model. Images from multiple calibrated cameras are 

first rectified for fast stereo correspondence. Next, detected 

features on the head are extracted and tracked over sequen

tial images using the SIFT feature detection method [37]. 

Correspondence of tracked features between stereo images is 

performed next using subpixel-based normalized correlation 

with constraints to ignore reflections and extraneous points. 

From these matches, an optimal triangulation method is used 

for accurate 3-D position calculation [38]. Pose change is 

calculated as 3D translation and rotation to align the current 

measurement relative to an initial measurement position. 

VII. CONCLUSIONS 

We have presented a novel motion correction technique 

called the Generalized Inter-frame and Intra-frame Motion 

Correction Algorithm (GIIMC) that unifies in one framework 
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Fig. 13. Natural Feature Tracking System mounted on HRRT Scanner. 

the inter-frame motion correction capability of MAF and intra

frame motion correction feature of (MLEM)-type deconvolu

tion procedure. It significantly reduces transmission-emission 

mismatches by coregistering emission data with time-weighted 

averaged attenuation sinogram for each dynamic frame. Such 

transmission-emission mismatch artifacts are significant even 

for Low motion level (Disp < 7 mm) when Conventional Ap

proach is employed. It also suppresses noise propagation in the 

iterative deconvolution process by performing inter-iteration 

smoothing with a Gaussian filter (FW H M = 2 mm ). For 

(Disp < 7 mm), GIIMC produces motion-compensated dy

namic PET images with superior quality. In such scenarios we 

propose deconvolving upto 5 iterations. For Medium-to-Higher 

motion levels, transmission-emission mismatch artifacts start 

to dominate with increasing deconvolution iterations. For such 

motion levels we propose to subdivide the frames into smaller 

subframes such that the mean motion, gauged by Disp, falls 

below 7 mm. Our conclusions are based on an extensive 

quantitative and qualitative assessment of phantom and human 

studies. 
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TABLE I 
PEARLS AND PITFALLS OF MOTION CORRECTION ALGORITHMS IN DYNAMIC PET IMAGING. 

Method 

Head Restraints 

[ 1 2] ,  [39] , [40] 

Event Driven Correction 

[ 12 ] ,  [ 1 9]-[22] , [41 ]  

Multiple Acquisition Frames 
(MAF) 

[6] ,  [ 14] 

Image Registration Methods 

[5] , [7] , [ 1 5] 

System Matrix Modeling 

[42] 

Kernel-based Deconvolution 

[41 ]  

Iterative 
MLEM-Deconvolution 

[8] ,  [ 10] 

Pearls 

• Reduces head movements by fixing 
the head with the head-rest using 
thermoplastic masks or neoprene 
caps .  

• Compensates individual lines of re
sponse (LORs) based on measured 
motion information. 

• Corrects for inter-frame artifacts by 
realigning the independently recon
structed frames to a reference (tem

plate) frame. 

• Provides motion-corrected attenua
tion correction of PET data with 
task-related motion. 

• Corrects for misalignment between 
transmission and emission scans. 

• Reduced noise, false-positives and 
false-negatives .  

• Incorporates known-motion into 
system response function used in 
MLEM. 

• Does not require list-mode acquisi
tions. 

• Motion-defined deconvolution of 
motion-blurred reconstructed im
ages. 

• Theoretically well-behaved for 
noisless data. 

• Incorporates iterative Richardson
Lucy Deconvolution. 

• Allows spatially variant or nonlin
ear deblurring kernels. 

• Does not require list-mode acquisi
tions. 

• Can incorporate complex move
ments. 
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Pitfalls 

• Does not eliminate motion. 
• Relative motion between head

restraint and skull due to coughing, 
sneezing, leg crossing etc . 

• Requires access to list-mode ac
quired data. 

• Can lead to artifacts unless careful 
normalization is performed. 

• Low motion threshold results in 
acquisition of low-statistics frames 
and higher reconstruction times. 

• High motion threshold results in 
substantial intra-frame motion arti
facts .  

• Increasing the number of 
frames proportionally increases 
reconstruction times. 

• It depends on acquired PET data 
with poor spatial information. 

• Realignment may occur several 
times per second instead of realign
ing long (duration) frames.  

• Requires access to ,  and the ability 
to modify, the system matrix used 
for reconstruction. 

• Deconvolution amplifies noise in 
PET data. 

• Spatially variant deconvolution op
erators required for significant rota
tions. This augments computational 
costs and adds potential artifacts. 

• Attenuation artifacts from misreg
istration of emission-transmission 
data. 


