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Abstract

We propose a novel motion correction approach for dy-

namic emission tomography images that takes advantage

of the underlying compartmental models of tracer kinetics.

Our algorithm uses a simultaneous segmentation registra-

tion paradigm. The key idea of our approach is that, un-

like the standard frame-by-frame (FbF) based registration

methods, we avoid choosing a reference frame and essen-

tially create a reference frame for each time step. The refer-

ences are generated by assigning time activity curves based

on the estimated kinetic-modeling parameters to the differ-

ent regions of the segmentation output. We evaluate the

goodness of our method compared with the FbF-based reg-

istration approach using medical images with known mo-

tion corruption parameters. The results indicate superior

performance of our method in terms of the accurate estima-

tion of the motion and the kinetic parameters.

1. Introduction

Positron emission tomography (PET) is a nuclear

medicine imaging technique that measures local concen-

tration of a radioactive tracer. By acquiring multiple PET

scans across time, we obtain what is called dynamic PET

(dPET) imaging. Using dPET, a 3D+time distribution of

tracer uptake is reconstructed from the resulting emitted

photons. The reconstructed distribution can be considered

as a vector-valued 3D volume where each voxel is assigned

a time activity curve (TAC), which describes the tracer be-

havior within that voxel. Kinetic modeling (KM) is the pro-

cess of applying mathematical models to analyze the tem-

poral tracer activity, in order to extract clinically or experi-

mentally relevant information [17].

A typical approach to make a diagnosis using dPET is as

follows: (i) marking a region of interest (ROI) around dif-

ferent functional regions; (ii) averaging the TACs over the

ROI at each time frame to reduce the noise; (iii) estimating a

set of kinetic parameters using KM on the time sequence of

average activities; and (iv) making final decision using the

extracted KM parameters. However, manual delineation of

ROI is difficult, time consuming and suffers from inter- and

intra-rater variabilities. Recently, several methods had been

developed to automate the segmentation of dPET images,

in which the underlined assumption is that the images had

been motion corrected before applying the segmentation al-

gorithm. Barber applied factor analysis to planar dynamic

Gamma camera images to identify functional regions [2].

Gou et al. applied hierarchical TAC clustering [9]. Their

algorithm was purely based on the TAC dynamics ignor-

ing the spatial-domain information. Maroy et al. extracted

the dPET TACs in the organ cores, where they are least af-

fected by motion and spillover effects [16]. Kamasak et al.

simultaneously clustered and estimated each clusters TAC

directly from the sinogram data, without the need for to-

mographic reconstruction [14]. Saad et al. proposed an

iterative, self-learning algorithm based on uncertainty prin-

ciples, designed to alleviate low signal-to-noise ratio and

partial volume effect problems [19]. However, motion ar-

tifacts in dynamic images are common due to the lengthy

acquisition time (e.g. 45-60 minutes in some dPET brain

studies) and can cause excessive blurring and inaccurate es-

timates of the kinetic parameters.

Several methods had been proposed to perform motion

correction in dPET images using external markers, which

provide an accurate motion measurement by tracking pneu-

matic bellows and infra-red reflectors [10, 15, 18]. How-

ever, theses approaches are inconvenient for the patient sand

require extra efforts for calibration.

There exists motion correction methods based on frame-

by-frame (FbF) registration, in which one frame would be

chosen as a reference frame and all the other frames would

be registered to it. We categorize the previous FbF-based

methods to the following groups: (i) iterative segmentation-

registration [1, 12, 22], which perform segmentation and

registration in the separate steps; and (ii) simultaneous

segmentation-registration [5, 8], which define a single cost

function to incorporate both segmentation and registration
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at the same time. These algorithms do not consider the func-

tional behavior of TACs. However, as proposed by Hayton

et al. [11], integrating kinetic modeling into the registra-

tion step would be beneficial. To the best of our knowl-

edge, there is one KM-based registration method for dy-

namic images by Buonaccorsi et al. [4]. Their method

requires manual segmentation of a tumor volume of inter-

est (VOI), which is used to obtain initial estimations of the

tracer KM parameters for the voxels within the VOI. Using

the estimated KM-parameters, they generate a synthetic im-

age, in which the intensity at each voxel is the output of the

fitted model. Then, they locally perform rigid registration

between the frames of the original motion corrupted image

and their corresponding frames on the generated synthetic

images, where the registration cost function is calculated for

the voxels within the VOI [4].

In this paper, we propose an iterative segmentation-

registration algorithm that integrates kinetic modeling to

perform temporal regularization, which has been neglected

in the previous FbF-based registration methods. Compared

to the iterative-registration method in [4]: (i) our method is

an iterative segmentation-registration algorithm, which ef-

fectively does not require manual segmentation of VOI; and

(ii) kinetic modeling is performed on the multi-labeled im-

age resulted from the segmentation step and it is not limited

to the VOI.

In the following, we start by modeling image formation

for dPET images (Section 2). Then, we explain the different

steps of our proposed method followed by the data we use

for the evaluation (Sections 3-4). We evaluate the goodness

of ourmethod comparedwith the FbF-based registration ap-

proach. The results indicate that our method provides more

accurate estimation of the motion and the kinetic parame-

ters, compared with FbF (Sections 5-6).

2. Model of image formation

At a spatial location x ∈ Ω ⊂ Rd (d is the image
dimension) and time t ∈ {t1, t2, ..., tN}, we model the
formation of an observed dPET image, I(x, t) as:

I(x, t) = T (Itrue(x, t), t) ∗ h(x, t) + η(x, t). (1)

Itrue is the unknown spatio-temporal distribution of photon
emissions. T (., t) denotes patient movement during image
acquisition, which is temporally varying rigid transform.

The point-spread function (PSF)1 of the imaging system is

denoted by h(x, t). We assume h(x, t) to be a spatially and
temporally invariant Gaussian, which is known as a priori

based on the acquisition device characteristics. η denotes
the Gaussian noise appearing in the image after reconstruc-

tion of the raw dPET [13]. We assume that the observed

image is corrupted by a zero mean, spatially and temporally

1PSF describes the response of an imaging system to a point source or

point object.

independent Gaussian noise η. Typically, I(x, t) is sampled
non-uniformly in time. The first frames are sampled with

short intervals because of the fast dynamic behavior of the

tracer, which has low SNR due to the low Gamma photon

counts acquired in a short interval.

As a result, each pixel xi in dPET im-

ages represents a TAC I(xi), where I(xi) =

{I(xi, t1), I(xi, t2), ..., I(xi, tN )} and N is the total

number of time steps.

A common assumption in kinetic analysis is that healthy

tissue with identical metabolic behavior exhibits identical

functional behavior. Therefore, we assume that the true

image can be well approximated by a known number,Q, of
disjoint, piecewise–constant functional regions, each with

a characteristic TAC:

Itrue(x, t) ≈

Q
∑

q=1

χq (x) cq (t) . (2)

where χq : x→ [0, 1] is a labeling function with value 1 for
points inside the qth region, and 0 otherwise [20]. In prac-
tice, χq is delineated manually by an expert and KM is used

to obtain a set of kinetic parameters [Kq1, kq2, kq3, kq4] and
Kq = Kq1kq3/(kq2 + kq3) for each region q, which have
clinical applications [3, 9]. Note that we denote the esti-

mated KM parameters at qth region by:

Kq = {Kq, kq1, kq2, kq3|q = 1, 2, ..., Q} (3)

For motion free data, Imf (x, t) = Itrue(x, t) ∗ h(x, t) +
η(x, t), segmentation methods which rely on KM provide a
good estimation of the characteristic functions χq and the

associated TACs cq, and as a result, lead to a close estima-
tion of Itrue. However, the presence of motion T during the
data acquisition causes model-fitting errors on KM step and

image-blurring, which affect the segmentation step. There-

fore, there is a strong need to perform motion estimation on

dPET images.

3. Method

An overview of our proposed motion correction method

is shown in Algorithm 1. We perform iterative segmenta-

tion and registration. For the segmentation step, we use a

hybrid segmentation for dynamic images proposed by Saad

et al. [19]. This method provides us probabilistic segmenta-

tion for different functional regions, e.g. skull, gray matter,

white matter, cerebellum and putamen (Section 3.1). Then,

by applying kinetic-modeling on the multiregion segmented

image (labeled image) resulting from the previous step, we

generate a noise- and motion-free (idealized) dynamic vol-

ume (Section 3.2-3.3). Next, we register the correspond-

ing frames of the idealized dynamic data to the motion cor-

rupted data to estimate patient movement T in (1) (Section
3.4).

266



Algorithm 1: KM-based motion correction on dPET images.

Input: (i) Motion corrupted image I(x, t) and (ii) labeled-seed points on the last frame, which has the highest SNR.
Output: Motion corrected image Î(x, t).
Initialization: Î(x, t) = I(x, t).
repeat

- Compute χ(x) in (5) by applying the segmentation method in [19] on Î(x, t) (Section 3.1).
- Estimate KM-parametersK in (3).

- Assign TACs to each region of χ(x) using K (Section 3.2).
- Generate idealized dPET Iidl by downsampling of the TACs and convolving it by a Gaussian filter (Section 3.3).
- Register Iidl to I to estimate T̂ (8).
- Update Î to T̂−1(Î) (9).

until Convergance: No significant change in either T̂ or K;

3.1. Segmentation

In our segmentation step, we utilize the KM-based

segmentation method in [19]. In summary, this method

measures the similarity between two TACs I(xi, t) and
I(xj , t) using the weighted distances:

gij =

√

√

√

√

N
∑

t=1

(I(xi, t)− I(xj , t))2zt (4)

where zt is a weight that accounts for the non-
uniform time sampling encountered in dPET; shorter

sampling intervals with lower SNR are weighted

less. Next, it computes the probability of each

pixel xi being in region q, p(x, q), where q ∈
{skull, gray matter, white matter, cerebellum and putamen},
by applying the random walker segmentation [?] on a

weighted graph by (4). Seed points for each region are

provided manually. Then, in an iterative sequence, pixels

with low entropy, h(x) =
∑Q

q=1
p(x, q)q log2(p(x, q)),

would be added to the previous sets of seed points and fed

to the random-walker to make a new estimation of p(x, q).
We denote the final segmented image resulting from this

step by:

χ(x) = argmax
q

p(x, q). (5)

Note that the seed points are inserted on the last frame,

which has the highest level of SNR. Example of the sample

frames of the motion corrupted image and its labeled im-

age resulting from the segmentation are shown in Figures

1(b)-1(a).

3.2. Kinetic Modeling

After delineation of the different regions resulting from

the segmentation step, the KM parameters of each region

Kq (3) are extracted by KM, which will be used to construct

an idealized dPET mentioned in detail in the following sec-

tion.

3.3. Generation of an idealized dPET

Using the extracted kinetic parameters K (Section 3.2),

we assign a TAC to each pixel x, e.g. by:

TAC(x, t) = func(K(x), t) (6)

The resulting TACs are down-sampled at ti =
{t1, t2, ..., tN}, and blurred with a Gaussian filter (which
simulate the PSF), to create a noise- and motion-free

(idealized) data, Iidl(x, t):

Iidl(x, t) = TAC(x, t)∗Gσ(x), where : t ∈ {t1, t2, ..., tN}
(7)

Examples of the motion corrupted data I(x, t), labeled im-
ageχ resulting from the segmentation step (Section 3.1) and
the generated idealized dPET Iidl(x, t), are show in Figure
1.

(a) I(x, t) (b) χ(x)

(c) Iidl(x, t)

Figure 1. Illustration of six frames of the motion corrupted data, and its la-
beled image χ resulting from the segmentation step (Section 3.1). The gen-

erated idealized dPET image Iidl by assigning the estimated KM param-

rametrs to the different regions of (b) is shown in (c). Note that the frames

in (a) and (c) are corresponding to the same time.

3.4. Registration

We register corresponding frames of Iidl(x, t) and I(x, t)
to estimate T̂ :

T̂ : Iidl(x, ti)) 7→ I(x, ti), ti ∈ {t1, t2, ..., tN} (8)
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Therefore, the motion corrected data resulting from this

step can be obtained by:

Î(x, t) = T̂−1(I(x, t)) (9)

Note that in our implementation, we use mutual information

as a similarity measurement for the registration step [6, 21].

3.5. Iteration

As registration and segmentation can naturally ben-

efit a great deal from each other, we perform itera-

tive segmentation-registration until there is no significant

change in either K in (3) or T̂ (6), e.g. |T̂ i − T̂ i+1| < τT ,
where T̂ i represents the estimated translation at ith itera-
tion.

4. Materials

We used synthetic data with known ground truth to eval-

uate the proposed algorithm. The steps of generating our

simulated 2D dPET data are:

i. Assign TACs with the knownKM parametersKtrue re-

sulting from the clinical literature [19], to each region

(background, skull, gray matter, white matter, cerebel-

lum and putamen) of the known segmented 2D MRI

phantomχtrue (Figure 4) and sample the analytic func-

tion of TAC at ti ∈ {t1, t2, ..., tN} to create a motion
and noise free series of 2D frames, Itrue(x, t).

ii. Translate and rotate Itrue with random values, θtrue(t),
T x
true(t), and T

y
true(t) to simulate the translation and

rotation motion corruption on the data. Therefore, the

ground truth transformation function T in (1) would be
θtrue(t), T

x
true(t), and T

y
true(t). The degree of the ran-

dom values for motion corruption is based on the statis-

tics presented in [7]. Figure 2 shows examples of the

generated motion corrupted images with the different

motion corruption-levels.

iii. Convolve T (Itrue(x, t)) with Gaussian filter to simu-
late the PSF, T (Itrue(x, t)) ∗ h(x).

iv. Add different levels of Gaussian noise σ =
[1, 3, 5, 8, 10] pixels to T (Itrue(x, t)) ∗ h(x) to simu-
late noise on the real images.

5. Evaluation

To evaluate the goodness of the motion corrected images,

we incorporate the following measurements:

Motion estimation error, which is calculated by

comparing the estimated translation and rotation pa-

rameters (θ̂, T̂ x, T̂ y), with the known ground truth,
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Figure 2. Sample synthetic data. Columns and rows are related to the dif-
ferent frames (times) and the different motion-severities used to do motion

corruption, respectively.
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Figure 3. Motion estimation errors of the FbF-based registration method
for the different choices of the reference image. The intensities are pro-

portional to the errors. Notice that the registration errors depend on the

selected reference frame; as we are moving far away from the diagonal

direction, the errors are increased, e.g. lower error for the frames nearer to

the reference frame and vise versa.

(θtrue, T
x
true, T

y
true):

∆T x = |T x
true − T̂ x|/T x

true, and similarly for∆T y

∆θ = min(|θtrue − θ̂|, 360− |θtrue − θ̂|)/θtrue. (10)

KM recovery error, which is defined as:

∆K =
∑

q

‖Kq −Kq
true‖

2/Kq
true, (11)

where K and Ktrue are the estimated KM parameters and

the ground truth KM parameters used to generate the data,

respectively. Kq is the kinetic parameters of the qth region
extracted from the motion free data with the same level of

Gaussian noise.

Using the abovementionedmeasurements, in the follow-

ing section, we make a comparison between ourmethod and

FbF-based registration. As mentioned in Section 1, FbF is

one of the most common approaches for dPET motion cor-

rection, in which one frame would be chosen as a reference

frame and all the other frames would be registered to it.
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6. Results and Conclusions

Figure 3 shows FbF motion estimation errors resulting

from choosing different choices of the references (Ref =
I(x, t), t ∈ {t1, t2, ..., tN}). It can be noticed that the regis-
tration errors depend on the selected reference frame; as we

are moving far away from the diagonal direction, the errors

are increased, e.g. lower error for the frames nearer to the

reference frame and vise versa. In our proposed method,

we avoid choosing a reference frame and essentially cre-

ate a reference frame for each time step by generating an

idealized dPET using the output of the segmentation the es-

timated KM-parameters (Section 3.3).

In the following, we present the evaluation results of our

method compared to the FbF-based registration. Note that

in our implementation of the FbF-based method, we set the

reference frame to be the last frame (I(x, tN )), which has
the highest SNR; it can be noticed from Figure 3 that the

frames with the higher SNR result in lower errors.

Figure 4 shows examples of the labeled images resulting

from applying the segmentation method in [19] to the mo-

tion corrected images using FbF and using our method. We

present results for six different levels of simulated motion

corruption. Visual comparison between the labeled images

and the ground truth indicates that ourmethod leads to more

accurate segmentation results.

Figure 5 shows the error measurements for different lev-

els of motion-severities used to generate the synthetic data

(examples of the motion corrupted images of the different

motion-severities are shown in Figure 2). Averaged over all

the regions, our method leads to less KM recovery error and

less motion estimation errors for all the cases.

Similarly, Figure 6 shows the evaluation results for the

different levels of the Gaussian noise ησ used to generate
the synthetic data. Based on the KM recovery error and the

motion estimation error, our method outperformed FbF.

Furthermore, the evaluation results for the different iter-

ations of our method indicate that 4-5 iterations could be

enough for the convergence.

We also concluded that the Dice coefficient is not an ap-

propriate evaluation measurement in this study due to the

leakages happening between the different regions. For ex-

ample, Figure 4 shows a case where leakage of the cerebel-

lum region encroaches on the white matter, which leads to

a higher Dice coefficient for this region.

We intend to apply our method on real-motion-corrupted

data. To this end, we need to prepare motion ground truth

utilizing external markers [10, 15, 18]. Furthermore, as our

future work, we aim to define a single cost function for seg-

mentation and motion correction along with a theoretical

proof of convergence.

F
b
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O
u
r

Increasing Motion-severity 7→

χtrue

Figure 4. Segmentation results for different motion-severities used for
motion corruption. Different columns are related to the different motion-

severities. The first and the second rows represent the segmented images

resulting from FbF-based registration and our method , respectively. Com-

pared with FbF, it can be noticed that the segmentations providing by our

method are more close to the ground truth segmentation shown in the right-

most.
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Figure 5. Comparison between our method and the FbF-based registration
for the different motion-severities used to generate the synthetic data. Ex-

amples of the motion corrupted images of the different motion-severities

are shown in Figure 2.
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