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Abstract

In conventional 4D positron emission tomography (4D-PET), images from different frames are 

reconstructed individually and aligned by registration methods. Two issues that arise with this 

approach are as follows: 1) the reconstruction algorithms do not make full use of projection 

statistics; and 2) the registration between noisy images can result in poor alignment. In this study, 

we investigated the use of simultaneous motion estimation and image reconstruction (SMEIR) 

methods for motion estimation/correction in 4D-PET. A modified ordered-subset expectation 

maximization algorithm coupled with total variation minimization (OSEM-TV) was used to obtain 

a primary motion-compensated PET (pmc-PET) from all projection data, using Demons derived 

deformation vector fields (DVFs) as initial motion vectors. A motion model update was performed 

to obtain an optimal set of DVFs in the pmc-PET and other phases, by matching the forward 

projection of the deformed pmc-PET with measured projections from other phases. The OSEM-

TV image reconstruction was repeated using updated DVFs, and new DVFs were estimated based 

on updated images. A 4D-XCAT phantom with typical FDG biodistribution was generated to 

evaluate the performance of the SMEIR algorithm in lung and liver tumors with different contrasts 

and different diameters (10 to 40 mm). The image quality of the 4D-PET was greatly improved by 

the SMEIR algorithm. When all projections were used to reconstruct 3D-PET without motion 

compensation, motion blurring artifacts were present, leading up to 150% tumor size 

overestimation and significant quantitative errors, including 50% underestimation of tumor 

contrast and 59% underestimation of tumor uptake. Errors were reduced to less than 10% in most 

images by using the SMEIR algorithm, showing its potential in motion estimation/correction in 

4D-PET.

1. INTRODUCTION

Positron emission tomography (PET) with fluoro-2-deoxy-D-glucose (FDG) has been used 

increasingly over the last two decades for the diagnostic evaluation and detection of 

metabolic and functional abnormalities of early-stage cancer (Gambhir et al., 2001). In 

general, PET has higher sensitivity than computed tomography (CT) for the detection and 

staging of cancer (Toloza et al., 2003; Chua et al., 2007). Moreover, the incorporation of 

PET data into treatment planning improves lung tumor delineation by including positive 
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lymph nodes. Thus, PET data reduces the likelihood of geographic misses and improves the 

chance of achieving local control (Erdi et al., 2002; Mah et al., 2002).

Respiratory motion in the upper abdomen and chest areas during PET imaging leads to 

organ displacement (primarily lung and liver) and a reduction in quantitative and qualitative 

image accuracy, affecting subsequent diagnosis and treatment (Callahan et al., 2014). The 

spatial resolution of current PET scanners is approximately equal to 3–5 mm full width half-

maximum (FWHM). In contrast, the diaphragm typically moves about 15–20 mm due to 

respiration (Schwarz and Leach, 2000). In a clinical trial conducted on twenty patients, the 

motion of tumors in the lower lobes of the lung were found to be 12 ± 2 mm in the cranial-

caudal direction (Seppenwoolde et al., 2002), substantially reducing effective spatial 

resolution. Additionally, benefits gained by increasing the scanner resolution are known to 

be small unless motion correction is applied (Polycarpou et al., 2014).

Respiration causes lesion smearing, image blurring and quality degradation, affecting the 

quantification of FDG uptake, target-to-background contrast, and the ability to define correct 

lesion size. Degrading effects of respiratory motion on lung and liver PET images have been 

widely examined. Erdi et al. showed that lung motion during PET acquisition may lead to 

incorrect tumor staging (Erdi et al., 2004). The same group reported variation in tumor 

uptake during different respiratory phases due to the misregistration of PET and CT, and 

inaccurate attenuation correction in certain phases (Erdi et al., 2004). Simulation studies 

have showed that respiratory motion-induced errors in tumor quantification and delineation 

highly depend on motion amplitude, tumor location, background activity and tumor size, 

with a 129% overestimation of volume for small liver tumors (Geramifar et al., 2013; Park et 
al., 2008). Severe artifacts have been reported for lesions near the lung base, where motion is 

more pronounced due to breathing (Cohade et al., 2003; Geramifar et al., 2013; Osman et 
al., 2003; Park et al., 2008).

Early attempts to compensate for respiratory motion in lung PET imaging focused on the 

external monitoring of patient breathing using external markers and video cameras (Erdi et 
al., 2004; Nehmeh et al., 2002) or external radioactive sources attached to the abdomen 

(Nehmeh et al., 2003). In this method, only data within a specific breathing phase are 

reconstructed, excluding all other information, constituting a “selection of frames” rather 

than true motion correction (Nehmeh et al., 2002; Nehmeh et al., 2003). Gated-PET imaging 

has been suggested as a potential solution to compensate for respiratory motion effects. In 

the proposed method, the acquisition time is split into several intervals referred to as gates. 

In conventional 4D-PET methods, data from each individual gate is reconstructed to achieve 

motion-freeze images in different respiratory phases (Erdi et al., 2004). However, every 

frame only contains a portion of all acquired data resulting in noisy reconstructed images. 

Post reconstruction registration (PRR) methods are alternatives that increase signal-to-noise 

ratio by using non-rigid registration approaches to align individual frames and calculate the 

average image to achieve motion compensated images (Dawood et al., 2006; Dawood et al., 
2008). A higher number of gates results in improved motion freeze; however, a smaller 

portion of coincidence data in each gate leads to highly noisy frames, resulting in poor 

image quality for each reconstructed frame. Low quality images can cause inaccurate motion 
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estimates and alignment errors. For accurate image registration, this motion-correction 

technique requires a good contrast to noise for each gated image.

When motion vectors are available, superior correction methods will incorporate motion 

information within the reconstruction algorithms. This approach is broadly referred to as 4D 

reconstruction (Rahmim et al., 2013). Motion vectors can be estimated from high quality 

4D-CT images (Lamare et al., 2007b; Li et al., 2006; Qiao et al., 2006). However, the use of 

4D CT increases the dose that cannot be easily justified for all patient acquisitions 

(Matsuzaki et al., 2013). In addition, differences between the corresponding gated frames in 

4D PET and 4D CT have also been reported while using multimodality imaging devices, 

resulting in errors associated with the derivation of motion vectors from 4D CT frames for 

motion correction in PET (Goerres et al., 2003; Lamare et al., 2007a). The recent advent of 

PET/MR scanners allows dynamic MR imaging with higher contrast than 4D-CT for motion 

estimation (Manber et al., 2015; Fayad et al., 2015). In this approach, motion fields are 

estimated from concurrently acquired tagged MR images, using nonrigid image registration 

methods, and are incorporated into a PET list-mode reconstruction algorithm (Chun et al., 
2012). The described methods use all available projection data to reconstruct each individual 

frame (Guerin et al., 2011). The main drawback is the need for complementary images from 

other modalities to estimate the motion model, while less attention is paid to motion 

estimation from raw PET data. Moreover, 4D PET-MR imaging requires integrated PET-MR 

scanners, complex pulse sequences and retrospective gating methods (Grimm et al., 2015; 

Cai et al., 2011).

More sophisticated motion compensation methods jointly estimate image and motion by 

including them in a cost function (Blume et al., 2012; Jacobson and Fessler, 2003; Wang and 

Qi, 2015). They typically consider a motion-aware acquisition model that relates the 

projection data at different time frames to a single motion-free image. By optimizing this 

objective function, image and motion can be jointly estimated to fit into this model in the 

best possible way. In these methods, regularization is necessary for both image and motion.

We recently introduced a new technique for simultaneous motion estimation and image 

reconstruction (SMEIR) in 4D-cone beam CT (4D-CBCT) imaging (Dang et al., 2015; 

Wang and Gu, 2013b). In this study, we investigated the use of the SMEIR method to 

estimate and correct motion in 4D-PET. The proposed algorithm estimates motion vectors in 

an iterative process by only using 4D-PET projection data. To estimate deformation vectors, 

the reference phase image is warped so that its projections fit those of other phases. By using 

the estimated deformation fields, a motion compensated 4D-PET image is reconstructed. 

This updated image is used as a reference image for next iteration of motion estimation.

2. METHODS

2-1. Generating 4D PET projections

A fast ray tracing algorithm was used to generate 3D-PET projections for a digital phantom 

by calculating the activity ray sum between different pairs of PET detectors (Han et al., 
1999; Siddon, 1985). The dimensions and geometry of the PET simulator were based on a 

real PET scanner composed of 52 rings with 624 4×4 millimeter detectors per ring. 3D-PET 
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projections of a time-varying digital phantom were considered as 4D-PET projections. 

Poisson noise was included to simulate noisy projections. Two different noise levels were 

studied in this work representing high and low count images. For low count projections, we 

assumed 20 million registered lines of responses (LORs) in each time frame, resulting in a 

total of 160 million registered events. This is a typical 5-minute data set for 3D-PET 

imaging of the chest region using FDG. For high count projections, however, we assumed 

160 million registered event in each time frame. The reason for the use of high count 

imaging was to investigate the performance of PRR methods in low noise conditions 

compared with our SMEIR method.

2-2. Motion modeling in projections

The goal of our study was to identify a matrix equation that could relate all projection data 

to a reference image. We assumed yt as the vector of the measured 4D-PET projections and 

λt as the vector of unknown activity voxel values in the object at phase t. Ignoring quantum 

noise, λt and  are related as follows:

(1)

where matrix A represents the forward projection matrix. The element aij of matrix A 
represents the probability to detect a photon emitted from the jth voxel to the ith detector 

pair. In our analytical projector, aij is the intersection length of projection ray i with voxel j 
and was calculated by the fast ray-tracing technique (Han et al., 1999; Siddon, 1985).

We assume that any change in the object is purely caused by voxel displacement and not by 

activity redistribution over time. When a motion model is available to describe the motion 

between different phases, the object at any time frame is simply a warped version of the 

initial object and can be calculated as:

(2)

where W0→t represents the warping operation to transform 4D-PET from phase 0 to phase t 
with t ∈ [0, T − 1] and T is the total number of phases. Conversely, λ0 = Wt→0λt transforms 

the phase t image to phase 0. Thus, mean projection values from any other phase  can be 

related to the 4D-PET at phase 0 by:

(3)

If y* = (y0, …, yT−1) denotes the measured projections from all phases and A* = (AW0→0, 

…, AW0→T−1) presents the 4D projection matrix, Eq. (3) can also be expressed as:
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(4)

Thus, the projection from all phases can be used to reconstruct 4D-PET at reference phase 0. 

In this study, we refer to it as primary motion compensated PET (pmc-PET). With pmc-PET, 

all other phases of 4D-PET can be obtained according to Eq. (2).

2-3. pmc-PET image reconstruction

The number of measured counts in projections, y, is Poisson distributed. One widely used 

approach to solve equation 4 for PET image reconstruction is the maximum likelihood 

expectation maximization (MLEM) (Lange and Carson, 1984; Shepp and Vardi, 1982) or its 

faster version, the ordered subsets expectation maximization (OSEM) (Hudson and Larkin, 

1994). These algorithms maximize the likelihood function and reconstruct image λ0, which 

has the highest possibility to yield y (Bruyant, 2002; Lange and Carson, 1984). For the 

Poisson distribution, maximizing the log-likelihood is a standard method that results in the 

MLEM algorithm. By considering the deformation in the log-likelihood, the reconstruction 

seeks image λ0 that maximizes the following objective function:

(5)

By analogy to the standard MLEM algorithm, we employed a hybrid motion-incorporated 

algorithm for motion compensation in which voxel values were updated by the following 

relation (Li et al., 2006; Qiao et al., 2006; Rahmim et al., 2010):

(6)

In the above equation, n is the iteration number, 1 is a column vector with all elements equal 

to 1, A and AT represent the system matrix for forward and backprojection. W0→t and 

are deformation matrix and its transpose respectively. In this equation, yt is the projection 

data vector from any phase t ∈ [1, T]. Therefore, phase 0 image λ0 can be reconstructed 

using all projection data, assuming that the deformation vector fields (DVFs) between all 

phases and phase 0 are known. Although deformation has been shown in a matrix form for 

the ease of expression, in practice a warping function was used to deform the image from 

phase 0 to t using DVFs. The same warping function with inverse DVFs, that deforms the 

error matrix from phase t to 0, was used as a practical approximation of . Applying 

inverse operator instead of transpose of the deformation matrix for non-rigid transformation 

has been justified as an acceptable approximation for 4D-PET reconstruction (Li et al., 
2006). The second term in Eq. (6) defines the inverse deformation process that deforms the 

error determined by the projections at phase t to update the 4D-PET at phase 0. Since both 

forward and backward deformations are involved in updating λ0 in equation (6), inverse 
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consistent deformation vector fields are required (Wang and Gu, 2013b). All images 

belonging to other phases can be easily determined by shifting the phase-0 image by 

equation 2 that describes the forward deformation process, transforming the phase 0 

reconstructed image to phase t. Considering each phase projection as a subset increases the 

number of subsets by phase number factor. A higher number of subsets can speed up the 

convergence rate.

A motion model is required to begin the reconstruction. To find a reasonable motion model, 

all eight phases were reconstructed individually. In addition, the inverse consistent Demons 

deformable registration between phase 0 and all other phases was applied to obtain initial 

DVFs (Gu et al., 2010; Thirion, 1998). A free software for non-rigid image registration with 

the Demons algorithm was used to obtain the initial forward and inverse DVFs (Kroon, 

2008). Default software parameters were used for all the studies in this paper, including high 

and low count images and the physical phantom study. In brief, the limited memory 

Broyden–Fletcher–Goldfarb–Shanno (LBFGS) optimization method with a normal line 

search was used. Termination tolerance on the DVFs and the energy function value were 

both 10−6. The maximum number of iterations allowed was 400, and the maximum number 

of function evaluations allowed was 100 times the amount of the unknowns. The initial 

DVFs were estimated based on individual noisy reconstructed frames and were not 

sufficiently accurate. Using Demons DVFs, a primary motion compensated PET (pmc-PET) 

for phase 0 was reconstructed from equation (5). Consequently, all other phases were 

calculated from equation (6). While the selection of the initial DVFs is arbitrary and can 

even be an array of zeros, choosing more realistic DVFs can speed up the convergence rate. 

In section 2–4 we discuss how the DVFs are updated during motion estimation. To suppress 

the noise, the total variation (TV) of reconstructed pmc-PET was minimized by the standard 

steepest descent method after every sub-iteration during OSEM reconstruction.

2-4. Motion estimation

The SMEIR algorithm can estimate and update motion vectors by matching updated image 

projections to those of other phases. In other words, it minimizes the cost functions f1 and f2 

to find DVFs as follows:

(7)

In equation (7), v0→t ∘ vt→0 = 0, where ∘ is a composition operator so that v0→t ∘ vt→0 = 

v0→t(x + v0→t) + vt→0. Two cost functions are used to estimate forward and backward 

deformation under an inverse consistent constraint: v0→t ∘ vt→0 = 0. In addition, λ0 and λt are 

initially pmc-PET images in phase 0 and t, respectively. The first term in the presented cost 

functions represents data fidelity and calculates the difference between the measured 

projections and the mathematical projections of the moving images. The second term applies 

smoothing on the estimated DVF maps:
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(8)

The β coefficient controls the amount of smoothness on the estimated motion vectors. Both 

v0→t and vt→0 are calculated by minimizing f1 and f2 respectively by an interleaved 

optimization scheme. In the interleaved optimization scheme, the optimization of f1 and f2 

was performed alternately at each iteration (Guetter et al., 2011). The solution achieved by 

this scheme is not necessarily optimal. However, it offers a practical strategy to obtain 

inverse-consistent DVFs required by the motion-compensated reconstruction step. Cost 

functions were minimized using the nonlinear conjugate gradient (NLCG) method with a 

back-tracking line search (Lustig et al., 2007; Wang and Gu, 2013b, a). For the NLCG 

method, a normal line search method with 10 iterations was used. The initial step size was α 

= 1 and the step reduction coefficient (αred) was 0.2. The stopping criteria, ε, was preset to 

10−5. A detailed description of the algorithm was previously demonstrated (Wang and Gu, 

2013b). The new DVFs were applied in equations (5) and (6) to reconstruct updated images 

using an iterative process, with the number of iterations predetermined by the user. The 

smoothness of the reconstructed image after each sub-iteration was achieved using TV 

minimization.

2-5. 4D XCAT phantom with respiratory motion

Simulation was performed using a 4D XCAT digital phantom, a realistic whole-body model 

that represents organ geometry and controls organ motion, based on nonuniform rational B-

spline surfaces (NURBS) (Segars et al., 2010). A phantom representing a typical 74 kg male 

patient with normal FDG levels was generated based on human studies of FDG 

biodistribution (Zincirkeser et al., 2007; Ramos et al., 2001). Eight 3D activity phantoms 

were produced during one respiratory cycle. Each phantom corresponded to 0.625 s 

considering a normal respiratory cycle of 5 s. The first frame represented full exhalation, 

with the maximum magnitude of respiratory motion (full inhale) occurring between the 4th 

and 5th frames. The deformation matrices were derived between all individual reconstructed 

frames (frames 2–8) and the corresponding full exhalation reconstructed frame (i.e. frame 

1).

2-6. Tumor Size, Location, and Activity

Lung and liver spherical tumors with diameters ranging from 10 to 40 mm were simulated. 

For the lung study, tumors were placed near the lung base right above the diaphragm, where 

motion is higher due to respiration. For every tumor size, lesion to background activity ratios 

of 2:1, 3:1 and 4:1 were considered, resulting in 21 phantoms with lung lesions. For the liver 

phantom, tumors were placed in the superior part of the right lobe under the diaphragm, 

where motion due to respiration is considerably higher. Lesion to background ratios of 2:1 

and 3:1 were considered resulting in a total of 14 phantoms with liver tumors. Each phantom 

was generated in 8 different respiratory phases. A single coronal slice from the XCAT 

phantom with 15 mm tumors in the liver and lung, and a lesion to background activity ratio 

of 3 in phase 1 is illustrated in figure 1.
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2-7. Physical phantom study

A water filled cylindrical water phantom with two small tubes resembling the tumors was 

used for 4D-PET imaging. For background activity, 5 mCi FDG were injected into the 

phantom and diluted with approximately 5000 ml of water. Another 0.5 mCi FDG were 

injected into two tubes inside the phantom, each of 0.75cm2 × 3cm in size. This phantom 

was placed on top of a platform exhibiting sinusoidal motion along the cranial-caudal 

direction. The amplitude of motion was 1.5 cm with a period of 4.3 s. A total of eight phases 

was obtained for the 4D-PET study, and the total acquisition time of the 4D-PET was 7 

minutes.

2-8. Evaluation parameters

To evaluate the potential of the proposed SMEIR algorithm, tumor volume, tumor to 

background activity ratio (contrast) and standardized uptake values (SUVs) were compared 

for the reconstructed images using single frame projections, 3D PET, PRR with Demons-

derived DVFs and SMEIR.

The use of standardized uptake values (SUVs) is now common in clinical FDG-PET/CT 

oncology imaging, and plays a specific role in assessing patient response to cancer therapy. 

The use of SUVs reduces the variability introduced by differences in patient size and the 

amount of injected FDG (Kinahan and Fletcher, 2010).

(9)

SUVs were determined for tumors in all images assuming a 74 kg patient (provided by the 

phantom developer) and 370MBq of injected FDG, routinely used in clinical practice. SUV 

values in the XCAT phantom were considered as reference, and the SUV values from the 

reconstructed images were compared to those from the XCAT phantom. For every image, 

the mean SUV value (SUVmean) was calculated by considering the mean activity 

concentration in the delineated tumor volume. For all parameters, the relative error 

compared to the XCAT values was plotted for different tumor sizes and contrasts.

Tumor delineation was performed based on a background-subtraction method that cancels 

out the additive effect of background on tumor activity. The equation has been reported as 

(Hofheinz et al., 2012; Hofheinz et al., 2013):

(10)

where M is the region of interest (ROI) maximum, Bkg is the mean value in the background 

ROI, and k represents the required background corrected relative threshold. For 

homogeneous structures and tumors more than twice as large as the reconstructed image 

spatial resolution, a fixed value of k = 0.39 (derived from calibration measurements in 

phantoms) leads to the accurate delineation of the actual boundary; this is independent of the 

lesion's target to background contrast and shape. A modified voxel based version of the 
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current algorithm can be used for heterogeneous tumors (Hofheinz et al., 2013). However, 

since our tumor and background are uniform, we selected the simple method. A 3D cubic 

ROI covering the entire tumor was considered. Additionally, the same size ROI was 

considered as background for tumor analysis in lung and liver regions.

3. RESULTS

3-1. High count images

3-1-1. Liver images—A coronal slice of the high-count volumes reconstructed by 

different methods for three tumor sizes, with a tumor contrast of 2 for input phantoms, is 

shown in figure 2a. As expected, single phase images (Fig. 2b) were relatively noisy when 

compared to other images. Since the liver contains a higher amount of activity than the lung, 

the tumor was relatively hot and less affected by statistical noise. Motion blurring effects 

were clearly present in 3D-PET images, and were amplified further for smaller tumors (Fig. 

2c). As observed in figure 3, 3D-PET images overestimated the tumor volume resulting in a 

high relative error ranging from +150% for 10 mm diameter tumors to +11% for 40 mm 

tumors, with a contrast value of 2. The error was even higher for images with higher tumor 

contrast, ranging from +172% for 10 mm tumors to +21% for 40 mm tumors, with a contrast 

value of 3. The blurring effect significantly underestimated tumor activity and contrast. The 

relative error in tumor contrast varied from −38% to −13% depending on tumor size for a 

contrast of 2, and from −47% to −18% for a contrast of 3 (Fig. 4). The values of SUVmean 

showed the highest level of deviation from their corresponding reference values in 

phantoms. The relative error varied with tumor size and ranged from −50% to −30% for a 

tumor contrast of 2, and from −59% to −35% for a tumor contrast of 3. Both registration 

methods (Figs. 2d and 2e) dramatically improved the image quality. However, PRR images 

still suffered from relatively high quantitative errors in determining SUVmean. For example, 

the PRR relative error was about −10% in contrast recovery and about −30% in the SUVmean 

calculation (Fig. 4). In contrast, SMEIR using all projection data and motion vectors during 

reconstruction yielded the best results based on SUVmean and contrast recovery for all tumor 

sizes and contrasts.

3-1-2. Lung images—Lung image results were more influenced by statistical noise 

because of the lower activity in the organ and relative tumors compared to high-count liver 

images. The images reconstructed from the aforementioned methods for three different 

tumor sizes, with a tumor contrast of 3, are illustrated (Fig. 5). Despite the high count level, 

single frame images were still noisy, making detection of small and low contrast tumors 

challenging. A low contrast tumor (contrast value of 2) with a 10 mm diameter was not 

detectable in 3D, single frame or PRR images is shown in figure 6.

Due to low noise levels, an accurate delineation of tumor volume with single frame images 

was possible. In contrast, an accurate estimation of the tumor contrast and SUVmean was not 

feasible with single frame and 3D-PET images. The blurring effect of respiratory motion in 

3D-PET images resulted in a 120% overestimation of small tumor volumes. The error was 

reduced to +20% for larger tumors.
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The major challenge in 3D-PET is image quantification. The relative error in contrast 

estimation was considerably high and ranged from −50% to −18% depending on tumor size 

(Fig. 7). This error was less sensitive to tumor contrast resulting in similar error curves. A 

higher relative error was observed in SUVmean values in 3D-PET images, varying from 

−59% to −30% in tumor size, with lower sensitivity to tumor contrast. SMEIR had the 

lowest relative error in both contrast and SUVmean estimation among the different motion 

correction methods. SMEIR resulted in full contrast recovery (less than 5% error) and less 

than 10% underestimation of SUVmean for tumors with a diameter greater than 20 mm (Fig. 

7).

3-2. Low count images

3-2-1. Liver images—A coronal slice of the reconstructed volumes using different 

methods for three different tumor sizes, with a tumor to background contrast of 2 in input 

phantoms, is shown (Fig. 8a). As expected, single phase images were noisy as they only 

contained a portion of the projection data (Fig. 8b). The 3D-PET images were constructed 

by summing all individual phase images (Fig. 8c). The motion blur can be clearly seen for 

smaller tumors. In this realistic noise level, the importance of motion correction was 

observed. While the PRR method considerably improved the image quality (Fig. 8d), tumor 

contrast could not be recovered. However, the SMEIR method yielded images with a higher 

tumor contrast while preserving the signal-to-noise-ratio (SNR). Ten millimeter tumors were 

not detectable in single frame and 3D-PET images for both tumor contrasts (Fig. 9). For 

lower contrast tumors, even a 15 mm tumor could not be identified in 3D-PET images. 

Moreover, for detected tumors the relative error in tumor size was considerably high. This 

was especially true for lower contrast tumor images without motion correction.

Relative errors in tumor contrast and SUVmean values for different reconstruction techniques 

are presented in figure 10. Tumor quantification and contrast recovery of small tumors were 

elevated with the SMEIR technique as compared to other methods. Moreover, SMEIR 

performance was less influenced by tumor size, especially for SUVmean estimation.

3-2-2. Lung images—Lung images were more challenging to obtain since the lower count 

level in this organ accounts for higher statistical variation. The effects of tumor size and 

tumor contrast for different reconstructed volumes are shown in figures 11 and 12, 

respectively. As illustrated in figure 13, for a contrast of 2 tumors smaller than 25 mm were 

not detectable in single frame and 3D-PET images. However, SMEIR could identify tumors 

as small as 15 mm with a contrast of 2, and 10 mm for higher contrasts. Moreover, for 

detected tumors, the relative error in tumor size was considerably high, especially for lower 

contrast tumor images without motion correction.

Based on contrast recovery and SUVmean, the PRR method performance was comparable 

with single frame images (Fig. 14). However, the SMEIR method yielded improved tumor 

quantification when compared to other systems. For example, for 20 mm tumor with a 

contrast of 3, the contrast relative error was reduced to −4% when using SMEIR from −42% 

with the other three methods (3D-PET, single frame and PRR). For the same set of images, 
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the SUVmean value relative error was reduced from −51% in other methods (3D-PET, single 

frame and PRR) to −12% in our proposed SMEIR method.

3-3. Physical phantom images

The reconstructed images of the two different individual phases are illustrated in figure 15. 

The effect of motion can be seen in both sagittal and coronal planes. Moreover, tumors are 

less visible in the transverse plane of phase 0 because they shifted out of view in this slice. 

The 4D-PET reconstructed images using the PRR and SMEIR methods and the 3D-PET in 

transverse, coronal, and sagittal views are indicated in figure 16.

Pixel values across the horizontal line passing from the center of the hot tube in different 

images are displayed in figure 17. Axial motion resulted in the broadening of the tumor in 

3D-PET images, increasing the volume and decreasing the activity concentration (Figure 

17). Both PRR and SMEIR methods recovered the shape of the tumor; however, line profiles 

show that SMEIR outperforms PRR.

4. DISCUSSION AND CONCLUSION

In this study, we investigated an iterative algorithm for simultaneous motion estimation and 

image reconstruction in 4D-PET. The proposed algorithm only used 4D-PET projection data 

as compared to previous methods based on external markers or complementary dynamic 

CT/MR images for motion estimation. The proposed SMEIR algorithm estimates motion 

vectors by matching the projections of the deformed reconstructed image to projections from 

other phases. Moreover, SMEIR uses all projection data to reconstruct a particular phase 

image by explicitly considering the motion model between different phases. Therefore, 

SMEIR can effectively suppress noise and increase image reconstruction accuracy. In our 

implementation, the motion-compensated image reconstruction step was performed by 

applying motion vectors in a hybrid, intuitive reconstruction algorithm that replaced the 

OSEM algorithm. Our results showed that approximating deformation matrix and its 

transpose in equation 6 by forward and backward warping functions is capable to reconstruct 

motion-freeze 4D-PET images. This approximation is absolutely correct for rigid 

transformation where the deformation matrix is orthogonal and there is a one-to-one 

correspondence between the reference and the deformed images. Using inverse operator 

instead of transpose matrix for non-rigid transformation has been shown to be still an 

acceptable approximation. Li et al. also used the same approximation for 4D-PET image 

reconstruction in which forward and backward warping operators replaced the deformation 

matrix and its transpose. They also illustrated the convergence of the algorithm by plotting 

tumor uptake value as a function of iteration number (Li et al., 2006). To obtain inverse 

consistent forward and backward DVFs in the motion estimation step, we alternatingly 

minimized two objective functions to calculate the difference between the measured 

projections and the mathematical projections of the moving images. Thus, the presented 

SMEIR method is an ad hoc but practical algorithm. Alternatively, the DVFs and the PET 

image can be estimated by maximizing a single objective function in an alternating way 

(Wang and Qi, 2015; Blume et al., 2010).
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The accuracy of the final reconstructed images is highly affected by motion estimation 

accuracy. Assuming object diffeomorphic motion during the scan, we estimated the initial 

DVF by reconstructing an individual 4D-PET phase using OSEM+TV, and performing the 

inverse consistent Demons deformable image registration between different phases of 4D-

PET. The initial DVF was then refined by minimizing equation (7) to obtain the updated 

motion model. Since a large number of DVF unknowns are required to be solved from a 

limited number of projections, equation (7) defines an ill-posed problem and is very 

sensitive to the initialization of DVFs. To avoid convergence to local minima minimum 

instead of the desired global minimum, we used Demons-derived DVFs as an initial 

acceptable estimate of the actual DVFs. When compared to single frame image and 3D-PET, 

the PRR method using Demons DVFs showed significant improvements in image quality 

and quantification. An additional improvement was achieved by refining DVFs in equation 

(10) for the SMEIR algorithm. Results obtained with SMEIR were more encouraging than 

those observed with PRR for two reasons: 1) SMEIR uses DVFs during image 

reconstruction along with all projection data for each iteration; 2) SMEIR tunes Demons-

derived DVFs by matching projections, resulting in higher accuracy.

In our ill-posed inverse problem, regularization is needed for all parameters subjected to 

estimation (i.e. image and motion). Many image regularization techniques have been 

proposed in the literature. Examples include the use of a 3D isotropic Gaussian smoothing 

after each image update (Blume et al., 2012) and a roughness penalty in the reconstruction 

algorithm (Jacobson and Fessler, 2003). However, when the roughness penalty is included in 

the reconstruction algorithm, the tumor and nearby regions should be excluded from it for 

better tumor quantification (Jacobson and Fessler, 2006). Jacobson and Fessler employed a 

scheme based on CT side-information to identify the location of the tumor, and used an ROI 

covering the tumor and nearby regions to exclude them from the roughness penalty. They 

showed that when a roughness penalty is uniformly applied to the image, the efficiency of 

the tumor activity recovery is reduced as compared with the simple PRR method (Jacobson 

and Fessler, 2006). However, the use of CT side information and the exclusion of the tumor 

region from the penalty improved theactivity recovery (Jacobson and Fessler, 2006). We 

used TV minimization after each sub-iteration as a surrogate for Gaussian filtering to 

suppress noise, preserve tumor shape and edges, and prevent the blur of tumors to be 

quantified (Panin et al., 1999; Setzer et al., 2010; Brune et al., 2009; Persson et al., 2001). 

Our results are comparable with the Jacobson and Fessler method in terms of CT side 

information. However our SMEIR method outperforms their joint estimation algorithm 

without CT side data based on lesion recovery values. They reported a 17% improvement in 

lesion recovery using their joint estimation algorithm as compared to the PRR method, 

where CT side data is available. We also showed that for small tumors (10 mm and 15 mm), 

the SMEIR method dramatically improved lesion recovery (SUVmean) as compared to PRR 

(Figs.10 and 14) without using any side data. For 10 mm tumors with a contrast of 3, the 

relative errors in (SUVmean) were reduced by 38% and 18% in low-count liver and lung 

images, respectively.

Liver image results showed that while both registration methods yielded a similar tumor 

size, especially for a tumor contrast of 3 (Figs. 2 and 8), considerable differences can be 

detected in terms of quantitative values (i.e. contrast and SUVmean) (Figs. 4 and 10). While 
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all reconstruction methods underestimated SUVmean compared to phantom data, this 

difference was considerably lower in the SMEIR method (<10%) for all tumor sizes and 

contrasts (Figure 10). Moreover, the SMEIR-derived SUVmean values were less sensitive to 

tumor size and noise levels. As observed in figures 4 and 10, SMEIR plots were less 

sensitive to tumor size for both noise levels. This can be very important because SUVmean is 

being widely used as a semi quantitative parameter to differentiate between malignant and 

benign lesions, determine disease stage, and monitor response to treatment. SUVmean should 

be independent of tumor size and measure tumor uptake; these characteristics are improved 

with the SMEIR method as compared to other reconstruction methods. Our lung image 

results suggest that the minimum detectable combination of tumor size and contrast depends 

on the reconstruction algorithm. Only SMEIR was able to accurately detect 10 mm tumors 

with a contrast of 2 in high count images (Fig. 6). For low count images (Fig. 13), the 3D-

PET and single frame methods were unable to accurately detect low contrast tumors smaller 

than 25 mm. However, PRR could identify 20 mm tumors, while SMEIR detected tumors as 

small as 15 mm at a contrast of 2. Both registration methods could accurately detect the 

tumor size, however, based on the quantitative analysis of contrast and SUVmean, the 

smallest number of errors was determined from images reconstructed by the SMEIR 

algorithm (Figs. 7 and 14). Our studies indicate that the SMEIR method significantly 

improves tumor detection and quantification while reducing motion related artifacts and 

errors. Additionally, we showed that the PRR method based on Demons-derived DVFs was 

unable to fully recover contrast and SUVmean even with high count projections.

In a recent study, investigators used an integrated PET/MRI system in which the motion 

model was derived from gated high resolution MR images and applied to 4D-PET images 

for motion correction using the PRR method. This study was conducted on 39 lung cancer 

patients. The Gated reconstruction using 40% of the data with the smallest amount of 

variation was considered as the reference image. They reported an average of 5% reduction 

in the SUVmean error using their approach compared with 3D-PET images (Grimm et al., 
2015). We showed that PRR performed slightly better than 3D-PET, although the SMEIR 

method significantly outperformed PRR for different tumor sizes and contrasts (Figs. 7 and 

14). Assuming that MRI provides high accuracy motion models, model-based reconstruction 

methods, where the motion field is incorporated directly into the PET reconstruction, may 

show higher quantitative accuracy compared with PRR methods. In another simulation 

study, Guérin et al. reported that incorporating an MRI-derived motion field in EM 

reconstruction improves the contrast recovery from about 45% to 70% for small liver tumors 

with a 25% error reduction (Guerin et al., 2011). We showed a 25% error reduction in 

contrast recovery using SMEIR for 10 mm tumors with a contrast of 2, as indicated in figure 

10.

In this study, we evaluated the SMEIR algorithm on a digital 4D XCAT phantom with 

uniform activity in each organ during a regular respiratory cycle. While promising results 

were obtained in the phantom simulation study, additional studies are needed to confirm the 

effectiveness of the method for clinical use. Additionally, several parameters in the SMEIR 

algorithm including the β value and TV smoothing parameters were selected empirically. 

Future studies are required to optimize these parameters and improve the performance of the 

SMEIR algorithm in real 4D-PET images.
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Figure 1. 
A coronal slice of the XCAT phantom with 15 mm tumor in the liver (left) and lung (right), 

and lesion to background activity ratio of 3 in phase 1 (full exhale).
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Figure 2. 
Effect of tumor size on different reconstructed high count images: a) XCAT Phantom as 

reference, b) a single frame, c) 3D PET, d) PRR, e) SMEIR. The tumor to background 

activity ratio was calculated as 2 for all images. The tumor diameter was 10, 25 and 40 mm 

from left to right, respectively.
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Figure 3. 
Tumor volume relative error for different reconstruction methods in high count liver images, 

with two different tumor to background contrast ratios of 2 (left) and 3 (right).
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Figure 4. 
Relative errors on tumor to background contrast (left column) and mean SUV values (right 

column) for different reconstruction methods in high count liver images of phantom, with 

two different tumor to background contrast ratios of 2 (top) and 3 (bottom)
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Figure 5. 
Effect of tumor size on different reconstructed high count lung images: a) XCAT Phantom, 

b) a single frame, c) 3D-PET, d) PRR using Demons DVFs, e) SMEIR. The tumor to 

background contrast was 3 for all images.
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Figure 6. 
Tumor volume relative errors for different reconstruction methods in lung images with tumor 

contrast values of 2 (left), 3 (middle) and 4 (right).
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Figure 7. 
Relative errors in measured tumor contrast (left column) and SUVmean (right column) in 

lung images reconstructed by different methods. The tumor contrasts in phantoms were 2 

(top), 3 (middle) and 4 (bottom).
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Figure 8. 
Effect of tumor size on different reconstructed low count liver images: a) XCAT Phantom, b) 

a single frame, c) 3D-PET, d) PRR using Demons DVFs, e) SMEIR. The tumor to 

background contrast was 2 for all images.
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Figure 9. 
Tumor volume relative error for different reconstruction methods in low count liver images 

with two different tumor to background contrast ratios of 2 (left) and 3 (right).
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Figure 10. 
Relative error on tumor to background contrast (left column) and SUVmean values (right 

column) for different reconstruction methods in low count liver images of phantom, with 

two different tumor to background contrasts of 2 (top) and 3 (bottom)
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Figure 11. 
Effect of tumor size on different reconstructed low count lung images: a) XCAT Phantom, b) 

a single frame, c) 3D-PET, d) PRR using Demons DVFs, e) SMEIR. The tumor to 

background contrast was 3 for all images.
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Figure 12. 
Effect of tumor to background contrast on different reconstructed low count images with a 

20mm tumor in lung: a) XCAT Phantom as reference, b) a single frame, c) 3D-PET, d) PRR, 

and e) SMEIR.
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Figure 13. 
Tumor volume relative error for different reconstruction methods in noisy lung images with 

three different tumor contrast of 2 (left), 3 (middle) and 4 (right).
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Figure 14. 
Relative error on tumor to background contrast (left column) and SUVmean values (right 

column) for different reconstruction methods in low count lung phantom images, with two 

different tumor to background contrasts of 2 (top) and 3 (bottom)
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Figure 15. 
Reconstructed images of two different individual phases. a) phase 0 image and b) phase 3 

image. Tumors are less visible in the transverse view of phase 0 because they had shifted out 

of view in this slice.
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Figure 16. 
Reconstructed images of the physical phantom using different methods: a) a single frame, b) 

3D-PET, c) PRR using Demons DVFs, d) SMEIR
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Figure 17. 
Horizontal line profiles across the hot tube indicated by the lines in the left for 3D PET, PRR 

and SMEIR
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