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Abstract. This work presents a novel pharmacokinetic model based
registration algorithm for the motion correction of dynamic positron
emission tomography (PET) images. The algorithm employs a gener-
alised model that derives the input function from the tomographic data
itself to model the PET tracer kinetics and thus eliminates the need
of arterial blood sampling. Both the temporal constraint from the tracer
kinetic behaviour and spatial constraint from the image similarity are in-
tegrated in a joint probabilistic model, in which the subject motion and
tracer kinetic parameters are iteratively optimised, leading to a group-
wise registration framework of motion corrupted dynamic PET data. The
algorithm is evaluated with simulated and measured human dopamine
D3 receptor imaging data using [11C]-(+)-PHNO. The simulation-based
validation demonstrates that the new algorithm has a subvoxel registra-
tion accuracy on average for noisy data with simulated motion artefacts.
The algorithm also shows reductions in motion on initial experiments
with measured clinical [11C]-(+)-PHNO brain data.

Keywords: Groupwise spatio-temporal registration, dynamic PET,
motion correction, basis pursuit denoising.

1 Introduction

Positron emission tomography (PET) is a powerful non-invasive imaging tool
that can provide valuable biological measurements of physiology, biochemistry
and pharmacology. These measurements readily enable the investigation of
normo-patho-physiology and aid in drug development by providing important
information on whether a drug reaches and engages with its target. A modern
PET scanner has a spatial resolution of 4mm, and subject motion inevitably
alters the voxel-to-tissue mapping during a dynamic scan of between 30 minutes
to 2 hours. The corrupted tissue activity curves measured cause inaccuracies
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in quantifying the relevant biological/physiological processes. Thus, motion cor-
rection for quantitative dynamic PET is critical. For image-based registration
methods, this is technically challenging since the similarities of morphological
features or temporally consistent information is more limited in PET frames
compared with magnetic resonance imaging (MRI) or computed tomography
(CT) [1]. To address such image registration problems in dynamic imaging, ki-
netic models have been introduced to account for temporal changes in MRI
data [2]. For dynamic PET data, we previously presented an approach [3] that
incorporates a tracer pharmacokinetic model into the registration framework to
correct for subject motion. This data-driven pharmacokinetic model required a
blood input function to describe different tracer behaviour across the images.
This means that the method is limited to data sets that have associated mea-
surements of the arterial input function, which represent only a small fraction
of dynamic PET studies. The goal of this work is to develop a method which
generalises to dynamic PET studies that do not have such measurements.

In this paper we develop a novel registration framework for dynamic PET im-
ages using a generalised pharmacokinetic model. A reference region is selected
in the imaged volume with no (or lowest) specific binding. The input function is
derived from the reference region and therefore eliminates the blood-dependence.
The unknown compartmental system is solved with a set of kinetic basis func-
tions and basis pursuit denoising. The basis pursuit denoising approach depends
on the estimation of a relaxation parameter which determines the parsimony of
the kinetic model. We propose an efficient approach for its estimation. To the
best of our knowledge, this work presents the first algorithm in literature to cor-
rect for subject motion by incorporating a generalised pharmacokinetic model
into the registration of dynamic PET data.

2 Method

2.1 Joint Probabilistic Model of Tracer Kinetics and Subject
Motion

Whist the process of radioactive decay gives rise to a Poisson distribution, in
reconstructed PET image data, the distribution resembles a Gaussian due to
the aggregation of a number of noise sources [4]. For each image volume, the
tracer kinetics of the injected tracer determines the intensity of photon emission.
However, any subject motion will affect the voxel-to-tissue mapping. Therefore,
given the measured PET data Y, the probability of tracer kinetics Φ and subject
motion T can be formulated as:

p(Φ,T|Y) =

M∏

j=1

F∏

k=1

1√
2πσ2(tk)

exp

(
− (Y(T−1

k (xj), tk)−YΦ(xj , tk))
2

2σ2(tk)

)
,

(1)
where YΦ is the tracer activity in the image volume determined by Φ, xj are the
coordinates of voxel j, tk is the mid-frame time for the k−th frame, and M and
F are the numbers of voxels and time frames, respectively. σ2(tk) = c ×Y(tk)
is the noise variance where c is a noise level constant.
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2.2 Basis Pursuit Reference Tissue Model

The tracer activity, YΦ, can be described by a generalised reference tissue
model [5]. Let CT (t) and CR(t) be tracer concentration time courses in a target
and reference tissue, respectively. Then, the general equation for a reference tis-
sue input compartmental model is CT (t) = φ0CR(t)+

∑m+n−1
i=1 φie

−θit ⊗CR(t),
where m and n are the total numbers of tissue compartments in the target and
reference tissues, and ⊗ denotes convolution [5].

This can be expressed as an expansion on a basis, CT (t) =
∑N

i=1 φiψi = ΦΨ ,
with ψi = e−θit ⊗ CR(t). A discrete set of N = m + n − 1 values for θi can be
chosen from a physiologically plausible range spaced in a logarithmic manner to
elicit a suitable coverage of the kinetic spectrum.

The tissue observation y = Y (xj), corresponds to CT (t) as y = [y1 · · · yF ]T ,
yk = 1

tek−tsk

∫ tek
tsk
CT dt, where t

s
k and tek are the start and end frame times (k =

1 . . . F ). Accordingly, the basis function ψi can be written as ψi = [ψi1 . . . ψiF ]
T ,

ψik = 1
tek−tsk

∫ tek
tsk
e−θit⊗CRdt and Ψ = [ψ1 . . . ψN ]. Using the measured PET data

Y and pre-calculated Ψ , the unknown Φ can be determined by Y ∼= ΨΦ. To
account for the temporally varying statistical uncertainty of the measurements,
the weighted least squares problem W

1
2Y ∼= W

1
2ΨΦ can be considered, where

W is the inverse of the covariance matrix.
To solve for Φ, standard least squares techniques are not usually applica-

ble because an overcomplete basis (N > F − 1) leads to an under-determined
set of equations. In [5], the problem is transformed by applying the method of
basis pursuit denoising [6] by introducing a regularising term on sparsity, to

minΦ ||W 1
2 (Y − ΨΦ)||22 + μ||Φ||p. The regularisation parameter μ > 0 balances

the approximation error and sparseness of Φ to impose a unique solution. This
is based on prior knowledge that the observed data can be accurately described
by a few compartments. For computational purposes, this corresponds to p = 1
being chosen for the Lp norm and the problem is solved by basis pursuit de-

noising as min 1
2x

THx + cTx s.t. xi ≥ 0 where H =

[
ΨTWΨ − ΨTWΨ
−ΨTWΨ ΨTWΨ

]
,

c = μ1 −
[
ΨTWΨ
−ΨTWΨ

]
and x =

[
Φ+

Φ−

]
. Φ is given by Φ = Φ+ − Φ− finally

yielding YΦ = ΨΦ.

2.3 Determination of Regularisation Parameter µ

μ regularises the number of compartmental components and should be deter-
mined by the tracer-target interaction. In [5], μ is selected by leave-one-out
cross-validation (LOOCV) using measured Y. For the motion correction task,
if determined by LOOCV using data with motion artefacts, μ can be too small,
which leads to overfitting of unwanted motion artefacts. Therefore, we optimise
μ using a different approach:

Firstly a numerical phantom is needed for the given tracer to provide re-
constructed noiseless motion-free 4D PET data Y0 as the ground truth. In the
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volume, we can sample y0 from Y0 for each voxel, and add Gaussian noise at a
random level to simulate the measured y. Then a set T = {z1 . . . zn}, zi = (y,y0)
can be obtained. For y, the basis pursuit denoising regularised by μ can predict
a fitted fμ(y). For T, the average squared error of fμ is Lμ = E(fμ(Y) −Y0).
Then we choose the μ that minimises L.

2.4 Iterative Optimisation of Φ and T: A Spatio-Temporal
Registration

The joint probability distribution p(Φ,T|Y) is optimised with the Iterated Con-
ditional Modes (ICM) optimisation algorithm [7], consisting of iterating the op-
timisation of two subsets of the unknowns: Φ and T. The iterative optimisations
of p(Φ|T,Y) and p(T|Φ,Y) are equivalent to performing basis pursuit denoising
to update Φ, and a spatial similarity minimisation to update T.

Algorithm. Spatio-temporal pharmacokinetic model based registration of
4D PET data
Input: Motion-corrupted PET data Y(x, t)
Output: Motion-corrected PET data Y(T−1(x), t). The estimated

motion T and tracer pharmacokinetic parameter Φ.
Initialization T = Id, Y(T−1(x), t) = Y(x, t);
while not converged do

- Derive reference input CR(t) from Y(T−1(x), t) and calculate basis
function Ψ as in Sec 2.2;
- Do basis pursuit denoising using Y(T−1(x), t) and Ψ , calculating the
kinetic parameter Φ and the model-predicted PET data YΦ = ΨΦ as
in Sec 2.2;
- Selectively scale Y and YΦ using the noise variance term σ as in
Sec 2.1, ruling out the voxels containing mainly noise;
- Do image registration on scaled Y and YΦ using SSD as the cost
function to obtain motion T and the motion-corrected PET data
Y(T−1(x), t);

end

3 Experiments and Results

Weapplied the proposedmethod on data fromhuman dopamineD3 receptor imag-
ing studies with [11C]-(+)-PHNO. Dopamine D3 receptors are involved in the
pathophysiology of a number of neuropsychiatric conditions such as addiction,
schizophrenia, and Parkinson’s disease (PD). [11C]-(+)-PHNO is a D3 preferring
PET tracer which has recently opened the possibility of imaging D3 receptors in
the human brain in vivo [8] in various brain structures, such as the substantia ni-
gra (SN), globus pallidus (GP), ventral striatum (VST), dorsal putamen (PU),
dorsal caudate (CD) and thalamus (THA). The cerebellum is used as the refer-
ence region as it has a low level of specific binding and has been determined to be
an appropriate reference tissue for [11C]-(+)-PHNO previously [8].
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We used a software phantom to determine the regularisation parameter μ and
quantify the motion correction accuracy. The Zubal brain phantom is widely
applied in simulating PET neurological images [1,9] but lacks the delineation of
SN and VST, which are ROIs in this study. We thus derived the motion free
phantom by fitting the tracer kinetic model to measured [11C]-(+)-PHNO 4D
data from a healthy subject with visually negligible motion. The PET image
voxel size is 2 × 2 × 2mm3 and the phantom comprises 26 temporal frames
(durations: 8 × 15 s, 3 × 1 min, 5× 2 min, 5× 5 min, 5× 10 min). Accuracy of
registration was quantified as the target registration error (TRE) [10], averaged
over all voxels and time frames.

3.1 Regularisation Parameter µ

A set T, n(T) = 3000, was generated using the phantom described above. A
mask was applied to discard background voxels with noise only. 50 values for
μ were logarithmically spaced in [10−2, 102]. The average squared error Lμ was
calculated and is shown in Fig. 1. It is consistent with a histogram of μ that
minimises the fitting error for each data point in T. A value of μ = 8.6850 was
chosen to be optimal.
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Fig. 1. Determination of regularisation parameter µ for compartmental sparsity for
basis pursuit denoising in the registration framework. For 50 µ values logarithmically
spaced in [10−2, 102], the average squared error Lμ (in blue) is consistent with the
histogram of µ minimising the fitting error for each data point in T (in yellow) for an
optimal value of µ = 8.6850.

An intuitive way of determining μ is to update its value using Y(T−1(x), t)
by LOOCV in each iteration. We compared the TRE of updating μ to that of the
fixed μ = 8.6850, and the results show that the fixed μ has similar registration
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accuracy and is computationally more efficient. Therefore, we used the fixed μ
approach for the following experiments.

3.2 Simulation-Based Validation

Simulated data sets were generated by introducing random rigid head transla-
tions and rotations to each temporal frame of the phantom. Ten simulations were
conducted for a large motion level (∼ 10mm) and a small motion level (∼ 5mm)
respectively, noise was added at a normal level in clinical data and a higher level.
5 simulations were carried out at each noise level to each motion-corrupted data
set, generating 220 data sets. We performed motion correction using three meth-
ods: a frame-by-frame registration of each PET frame to the one with highest
uptake based on normalised mutual information (FBF), the groupwise registra-
tion of all frames with spectral analysis that requires the blood input (GIR SA)
red previously proposed by us in [3], and the reference tissue groupwise registra-
tion of all frames using basis pursuit (GIR BP) that avoids blood measurement
proposed in this paper. The TREs are shown in Fig. 2.
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Fig. 2. Registration accuracy, quantified as target registration error (TRE, in mm)
of the spatio-temporal groupwise image registration with basis pursuit (proposed
GIR BP), with spectral analysis (GIR SA, required blood input) and frame-by-frame
registration based on normalised mutual information (FBF) on simulated data sets.
The dashed line indicates the voxel size. For each simulation, the TREs were averaged
over all time frames. The mean TREs at each motion level and noise level before and
after correction are shown, along with the standard deviations as error bars. The pro-
posed GIR BP achieves on average subvoxel (< 2mm) accuracy and has smaller errors
for noisy data compared to GIR SA, which requires arterial blood sampling.

3.3 Clinical Data

We applied the GIR BP method to measured clinical data from a healthy subject
with visually obvious motion shown in Fig. 3. [11C]-(+)-PHNO was injected
as an intravenous bolus over approximately 30 seconds at the start of a 90
minute 3D-mode dynamic PET acquisition using a Siemens Biograph 6 PET-
CT with Truepoint gantry. PET data were reconstructed using 2D filtered back
projection with corrections for attenuation (based on a low-dose CT acquisition)
and scatter. Dynamic data were binned in the same way as phantom data.
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Fig. 3. Selected temporal frames (times are mid-frame times) from sagittal and axial
slices from dynamic PET [11C]-(+)-PHNO data of a healthy subject: a) before motion
correction, b) after registration using the proposed GIR BPmethod. Voxels from various
ROIs are depicted in colours which are spatially fixed to demonstrate the displacement.
c) PET data from these voxels before and after registration. Mean population PET data
(from a larger group of healthy subjects scanned with [11C]-(+)-PHNO) for the ROIs
scaled to this subject to account for differences in dose and subject weight is shown by
dashed lines. Colours correspond to ROIs as: SN, VST, CD, PU, GP
and TH. The subject exhibited obvious rotation of ∼ 10◦ which was corrected con-
siderably by the proposed method, and the tracer kinetics in these ROIs determined by
the target densities showed consistency with population data after correction.

4 Discussion and Conclusion

We have introduced a generic registration framework to correct for subject mo-
tion in dynamic PET data that incorporates a reference tissue pharmacokinetic
model into the groupwise registration process. This represents a significant in-
crease in scope over the previous groupwise PET registration method [3] which
required arterial blood data and as a consequence would only be applicable
to a small number of dynamic PET studies. The new approach incorporates a
generic reference tissue model which is implemented in a basis function frame-
work and solved by the method of basis pursuit denoising. We have proposed an
efficient approach to determine the relaxation factor that regularises the spar-
sity of kinetic components in the registration framework. We tested the proposed
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method on human dopamine D3 receptor PET data with [11C]-(+)-PHNO with
the cerebellum as the reference region. Results on realistic simulated data show
subvoxel (< 2mm) registration accuracy. Initial evaluation on clinical data from
a healthy subject with obvious motion provides evidence that motion can be
reduced substantially in line with expectations from the simulated data. The
proposed method is in principle applicable to all dynamic PET studies data
given the selection of an appropriate reference tissue, as the method is based
on an adaptive kinetic model derived from the general properties of compart-
mental tracer kinetics. Future evaluation over a range of different tracers, and
extensions to differing applications requiring higher-order transformations and
additional constraints will determine the full utility of the method. In addition,
by describing the measured PET data using tracer kinetics and subject motion,
the proposed registration framework could be integrated into the reconstruction
of sinogram or list-mode data.
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