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Image reconstruction for PET/CT 
scanners: past achievements and  
future challenges

 Review

PET tomographic data
 � Problem statement

Data acquisition & representation
PET imaging can measure the spatial distribu-
tion of active functional processes, such as glu-
cose metabolism, in living tissue. The physics of 
PET imaging are discussed in detail elsewhere [5]. 
Here we briefly explain the data acquisition proc-
ess. A functional compound is first labeled with a 
positron-emitting radioisotope. Then the labeled 
compound, called the radiotracer, is injected into 
the living subject and preferentially accumulates 
where the compound is metabolized. As the radio-
isotope decays to a stable state, the emitted posi-
tron travels a short distance (typically <1 mm) and 
undergoes an annihilation, producing two anni-
hilation photons. The photons travel in opposite 
directions along an approximately straight line, 
and can be detected outside the body by the PET 
scanner. If two photons are detected in a short 
time window (the prompt window), the detection 
is called a coincidence event. The parallelepiped 
joining the two detector elements is called a tube 
of response (Figure 1). In the absence of several con-
founding physical effects such as attenuation, the 
total number of coincidence events detected by 
the two detector elements will be proportional to 
the total amount of tracer contained in the tube of 
response. This is the key to PET imaging. Based 
on this relation, one can process the co incidence 
events to reconstruct the distribution of the 
labeled compounds.

PET is a medical imaging modality with proven clinical value for disease diagnosis and treatment monitoring. 
The integration of PET and CT on modern scanners provides a synergy of the two imaging modalities. 
Through different mathematical algorithms, PET data can be reconstructed into the spatial distribution 
of the injected radiotracer. With dynamic imaging, kinetic parameters of specific biological processes can 
also be determined. Numerous efforts have been devoted to the development of PET image reconstruction 
methods over the last four decades, encompassing analytic and iterative reconstruction methods. This 
article provides an overview of the commonly used methods. Current challenges in PET image reconstruction 
include more accurate quantitation, TOF imaging, system modeling, motion correction and dynamic 
reconstruction. Advances in these aspects could enhance the use of PET/CT imaging in patient care and 
in clinical research studies of pathophysiology and therapeutic interventions.
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PET is a medical imaging modality with proven 
clinical value for the detection, staging and 
monitoring of a wide variety of diseases. This 
technique requires the injection of a radiotracer, 
which is then monitored externally to generate 
PET data [1,2]. Through different algorithms, 
PET data can be reconstructed into the spatial 
distribution of a radiotracer. PET imaging pro-
vides noninvasive, quantitative information of 
biological processes, and such functional infor-
mation can be combined with anatomical infor-
mation from CT scans. The integration of PET 
and CT on modern PET/CT scanners provides 
a synergy of the two imaging modalities, and can 
lead to improved disease diagnosis and treatment 
monitoring [3,4]. 

Considering that PET imaging is limited by 
high levels of noise and relatively poor spatial 
resolution, numerous research efforts have been 
devoted to the development and improvement 
of PET image reconstruction methods since the 
introduction of PET in the 1970s. This article 
provides a brief introduction to tomographic 
reconstruction and an overview of the commonly 
used methods for PET. We start with the problem 
formulation and then introduce data correction 
methods. We then proceed with reconstruction 
methods for 2D and 3D PET data. Finally, we 
discuss the current challenges in PET image 
reconstruction. This work focuses on common 
PET image reconstruction methods, and detailed 
descriptions of more advanced approaches can be 
found in the referenced literature. 
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Consider a 2D imaging plane across the 
object. The object activity distribution in this 
plane is denoted as f(x, y), with x and y the spa-
tial Cartesian coordinates. For simplicity, the 
tubes of response will be represented as lines of 
response (LOR) in this imaging plane. Figure 2 
shows how the coincidence events are organized 
in the 2D case. The line integral along all paral-
lel LORs at angle Ø forms a projection p(s, Ø), 
with s being the distance from the center of the 
field of view. The collections of all projections 
for all angles are further organized into a sino-
gram, which is a 2D function of s and Ø. A single 
projection, p(s, Ø) at all s locations, fills one row 
in the sinogram. The name ‘sinogram’ comes 

from the fact that a single point in f(x, y) traces 
a sinusoid in the projection space. The sinogram 
for an object is the superposition of all sinusoids 
weighted by the amount of activity at each point 
in the object (Figure 3). 

Formulation of image reconstruction 
The goal of PET image reconstruction is to pro-
vide cross-sectional images of the radiotracer 
distribution in an object, using the coincidence 
events detected by a scanner. Detailed mathemat-
ical formulations of the problem are presented in 
[6]. Here we formulate image  reconstruction as a 
linear inverse problem.

We define a vector f to be the unknown image. 
f is a discrete representation of the continuous 
object, which is usually represented by 2D or 3D 
image elements (i.e., pixels or voxels). The imag-
ing system is described by a matrix H, called 
the imaging matrix. The set of projections are 
arranged into a vector p. The imaging process 
can be modeled as a single matrix equation as:

p Hf=

This formulation assumes that the PET data 
is deterministic, containing no statistical noise. 
Analytic reconstruction methods are based on 
this formulation. They provide a direct solution 
of f from p, and this simplified imaging model 
leads to relatively fast reconstruction techniques.

However, the PET data has an inherent sto-
chastic nature. There are uncertainties associ-
ated with several aspects of PET physics, includ-
ing: the positron decay process, the attenuation 
effects, the additive scatter and random events, 
and the photon detection process. These uncer-
tainties can be modeled to yield more precise 
reconstructed images. In this regard, equation 1 
models only the average behavior of the imaging 
system, and a statistical formulation should be:

E p Hf=6 @

where E[•] denotes mathematical expectation. 
This formulation is used in most iterative recon-
struction methods. As we will see later, mod-
eling the data statistics can lead to improved 
 reconstruction results.

2D versus fully 3D PET imaging 
In 2D PET imaging, the data are only collected 
in direct and cross planes (Figure 4). A direct plane 
is perpendicular to the scanner axis, and a cross 
plane connects detector elements in two adjacent 
detector rings. 2D images are reconstructed on 

Scanner
Detector 1

Detector 2
TOR

z axis

Imaging Med. © Future Science Group (2010)

Figure 1. Tube of response between two 
detectors.
TOR: Tube of response.
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Figure 2. sinogram data representation. A projection is formed through 
integration of the radiotracer distribution in the object along all LOR at the same 
angle. One projection fills one row in the sinogram. A point source traces a sine 
wave in the projection space. 
LOR: Lines of response.
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each of the planes, and are stacked to form a 3D 
image volume. So 2D PET imaging produces a 
3D image volume. 

In fully 3D imaging, coincidences are also 
recorded along the oblique planes (Figure 4). 
This permits better use of the emitted radiation, 
resulting in increased scanner sensitivity. For a 
given radiation dose and imaging time, fully 
3D imaging typically leads to 5–10-times more 
detected events [7,8]. This increased sensitivity 
can improve signal-to-noise performance in 
reconstructed images. But on the negative side, 
fully 3D measurements require much more data 
storage and reconstruction processing time, and 
contain significantly more scatter and random 
coincidence events than 2D data. These draw-
backs hindered the use of fully 3D imaging in 
the early development of PET. With advances 
in data storage, computation speed and scatter 
correction [9,10], fully 3D imaging is now widely 
used clinically.

 � Quantitative corrections
To achieve quantitative imaging in which each 
image voxel value represents the true tissue 
activity concentration, a number of correction 
factors need to be estimated [11]. The measured 
coincidence events in prompt time window P 
are related to the true coincidence events T as:

ATP N S R= + +^ h

where A, R, S and N are the attenuation, random, 
scatter and normalization correction factors dis-
cussed below. These corrections can either be 
applied to the raw PET data, or they can be 
incorporated in iterative reconstruction methods. 

Attenuation correction
When the emitted positron annihilates, it forms 
two photons each with an energy of 511 keV. 
When these two photons are detected at the 
same time, they are paired together as a true 
coincident event. At this photon energy, a large 
fraction of the emitted photons will interact 
in the subject before they exit the body. These 
interactions are dominated by Compton scatter-
ing, which reduces the photon energy and alters 
its direction. When a photon fails to travel along 
a straight line, due to scattering or other inter-
actions, it is attenuated, representing the larg-
est degradation to PET data. The probability 
of attenuation for a given pair of annihilation 
photons is independent of the position of the 
annihilation along the LOR, making it possible 
to precorrect for this effect.

Attenuation correction factors can be deter-
mined through direct measurements. A trans-
mission scan is performed by using an exter-
nal source of radiation that transmits photons 
through the body to the detector. A blank scan 
is also performed, and the ratio between the 
blank sinograms and the transmission sino-
grams are calculated as the attenuation correc-
tion factors [11,12]. The main drawback of this 
method is that the estimates are noisy for low 
activity transmission scans. Alternatively, the 
transmission data can be reconstructed into 
an image of attenuation coefficients through 
 statistical methods [13]. 

Combined PET-CT scanners provide another 
solution to this problem. A 511 keV attenua-
tion map can be generated from the CT image. 
Multilinear scaling methods are used to convert 
attenuation coefficients measured with x-ray 
CT (typically at 30–120 keV) to appropriate 

y
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Figure 3. sinogram example of an image quality phantom. (A) One oblique 
plane of 3D sinogram without corrections. (B) Sinogram after scatter and random 
event corrections. (C) Sinogram after scatter and random corrections, attenuation 
correction, normalization and deadtime correction. The window level in (C) is 
10‑times the window level in (A) and (B). (d) One transaxial slice of the image 
volume reconstructed from the sinogram. 

(3)



Imaging Med. (2010) 2(5)532 future science group

Review  Tong, Alessio & Kinahan

values at 511 keV. The correction factor for an 
individual sinogram element is calculated by 
integrating the attenuation coefficients along 
the corresponding LOR [14]. The use of CT for 
PET attenuation correction can lead to slight 
biases due to the approximate scaling of photon 
energies. On the other hand, CT-based attenua-
tion correction produces attenuation correction 
factors with much lower noise, and at a much 
faster scan time, compared with conventional 
transmission scans [15]. Currently, CT-based 
attenuation correction is used with modern 
PET/CT scanners. 

Once attenuation correction factors are 
determined for each sinogram element, they 
are applied as multiplicative correction factors 
either before reconstruction or during iterative 
reconstruction.

Scatter & random corrections
In PET imaging, the true coincidence data are 
contaminated by two types of additive physi-
cal effects, scatter and random coincidences. 
Scatter events refer to coincidence detection in 
which one or both photons have been scattered. 
The photon paths are not co-linear after scatter-
ing, and such events are incorrectly positioned. 
Although scatter events produce a fairly uni-
form error signal across the field of view, their 
contribution needs to be corrected for proper 
quantification. Most systems use some form of 

energy thresholding to discriminate heavily scat-
tered photons from their 511 keV counterparts. 
Even with thresholding, additional correction 
techniques, such as simulated scatter models, 
are required. In these methods, images are first 
reconstructed without scatter correction, and 
the initial reconstruction, together with the 
attenuation map, is used to simulate scatter 
events [9,16,17].

Random events refer to the coincidence detec-
tion of two photons from separate annihilations. 
These events do not contain spatial informa-
tion of annihilations, and will lead to reduced 
image contrast and image artifacts. There are 
two main methods for random event estima-
tion. The first is to use a delayed time window, 
which contains purely random events and is an 
estimate of the random events in the prompt 
window [18,19]. The second method is to estimate 
random event rate from the singles counting rate 
for a given detector pair and coincidence time 
window. While these two methods can correct 
the mean of the data, the corrected data still 
have degraded variance due to the noise added 
by the random  coincidences [20]. 

The scatter event and random event esti-
mates are subtracted from the raw data, or the 
corrections can be incorporated in iterative 
 reconstruction methods. 

Detector efficiency correction & dead 
time correction
In a PET system, the coincidence detection effi-
ciency varies between different pairs of detector 
elements, due to minor variations in detector 
material, electronics and geometry. Detector 
efficiency correction (‘normalization’) uses a 
multiplication factor to correct for these non-
uniformities. The correction factors can be 
determined by collecting data from a uniform 
plane source or rotating rod source(s) of activity 
[21]. Another way is to factorize the efficiency of a 
detector pair as the product of individual detec-
tor efficiencies and geometrical factors, known 
as the component-based method [22,23]. These 
methods can provide low-variance estimates of 
normalization factors. 

After receiving a photon, the detector has a 
time period in which it is ‘dead’ to new events. At 
a high counting rate, the dead time throughout 
the system can significantly limit the detection 
efficiency and the true system count rate will 
not increase linearly with activity in the field of 
view. Correction for dead time typically involves 
a model for the system dead time behavior at 
different count rate levels [24]. 
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Figure 4. Axial section through a multiring PET scanner showing 2d and 3d 
acquisitions. In 2D mode, the scanner collects data from direct and cross planes. 
In 3D mode, the scanner collects data from all oblique planes.
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2d PET image reconstruction
 � Analytic image reconstruction

Analytic reconstruction methods assume that 
the PET data is noise-free, and attempt to find a 
direct mathematical solution for the image from 
known projections. A comprehensive review on 
the topic was given by Kinahan et al. [25].

Central section theorem & direct  
Fourier reconstruction
The central section theorem (also know as projec-
tion slice or central slice theorem) is the corner-
stone of analytic image reconstruction. This the-
orem relates the projection data with the object 
activity distribution through a mathematical tool 
called the Fourier transform [26]. The 2D central 
section theorem states that the 1D Fourier trans-
form of a projection at angle Ø is equivalent to 
a section at the same angle through the center of 
the 2D Fourier transform of the object:

, ,P v F v vs x y x r y r
z = ,cos sinv v v vz z= =

^ ^h h

where P(v
s
, Ø) is the 1D Fourier transform of 

projection p(s, Ø), F(v
x
, v

y
) is the 2D Fourier 

transform of the object distribution f(x, y) and 
v

x
 is the Fourier domain conjugate for x.
Based on this theorem, direct Fourier methods 

have been proposed for image reconstruction. 
These methods take the 1D Fourier transform of 
each row in the sinogram (corresponding to one 
projection), and interpolate and sum the results 
on a 2D rectangular grid in Fourier domain. 
Then the inverse 2D Fourier transform is per-
formed to obtain the image. The main difficulty 
in direct Fourier reconstruction is the interpola-
tion involved. The reconstructed image strongly 
depends on the accuracy of interpolation, and 
is very sensitive to interpolation errors. While 
interpolation can be improved with different 
basis functions [27], direct Fourier methods are 
not as widely used as the filtered backprojection 
method, which is described next. 

Filtered backprojection
Filtered backprojection is the most common 
method for analytic image reconstruction. It is 
also the most widely used method for CT image 
reconstruction. Its popularity arises from the 
combination of accuracy, speed of computation 
and simplicity of implementation. Details of 
the algorithm can be found in [26,28]. Here we 
describe the main components of the method.

An intuitive method of image reconstruction 
is backprojection, which is the adjoint to the 
forward projection process of data acquisition. 

The counts from a detector pair are projected 
back into an image array along the LOR adjoin-
ing that detector pair. Since the original image 
activity values at each location are lost in the for-
ward projection, we place a constant value into 
all pixels along the LOR. By repeating this for all 
detector pairs, we obtain a linear superposition 
of backprojections. 

Straight backprojection returns an image 
resembling the true activity distribution, but it is a 
blurred version of the object, since counts are dis-
tributed equally along the LORs. Mathematical 
derivations show that the 2D Fourier transform 
of the backprojection is the 2D Fourier transform 
of the object weighted by the inverse distance 
from the origin [26]:

,

v

F v vx y^ h

and the weighting term

  v vx y
2 21 1= +v

amplifies low frequencies and attenuates high 
 frequencies, leading to the blurred  reconstruction 
result.

Additional steps are needed to compensate for 
the blurring in direct backprojection. The most 
straightforward method is the backprojection 
filtering reconstruction. The projection data is 
first backprojected, and then filtered in Fourier 
space with the cone filter v, and finally inverse 
Fourier transformed. The disadvantage of back-
projection filtering is the computation redun-
dancy in the backprojection step (backprojection 
needs to be computed on a larger image matrix 
than the final result) [25]. To avoid this, the filter-
ing and backprojection steps are interchanged, 
leading to the standard filtered-backprojection 
(FBP) method. The implementation of FBP 
reconstruction can be summarized as follows. 
For each projection angle: 

 � Take the 1D Fourier transform of the projection

 � In the Fourier domain, filter the projection 
with a ramp filter |v

s
| (a section through the 

rotationally symmetric 2D cone filter, v)

 � Take inverse Fourier transform to obtain the 
filtered projection

 � Backproject the filtered projection

Noise control
In practice, the ramp filter |v

s
| needs to be modi-

fied to control the noise level in reconstructed 
images. Photon detection is a random counting 

(4)

(5)

(6)
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process, with a high level of noise due to limited 
photon counts. The ramp filter amplifies high-
frequency components, which are dominated 
by noise, leading to very noisy reconstructions. 
One solution is to modify the ramp filter with a 
low-pass filter, leading to filters that are similar 
to the ramp filter at low frequencies but have 
reduced amplitude at high frequencies. The 
reconstructed image will have a reduced noise 
level, at the expense of degraded image resolu-
tion. Typical choices are Hann filters or Shepp–
Logan filters [25]. By varying the cutoff frequency 
of the filters, one can obtain the desired trade-
off between noise level and spatial resolution 
(Figure 5). The noise in reconstructed images is 
controlled at the expense of resolution. Ideally, 
the tradeoff between noise and resolution should 
be adjusted to optimize the clinical task at hand.

Limitations of analytic image 
reconstruction methods
While analytic reconstruction methods, in par-
ticular the FBP algorithm, are fast and easy to 
implement, the reconstruction accuracy is limited 
by several factors. First, analytic image recon-
struction cannot model the degrading factors in a 
PET scanner, such as intercrystal scatter, positron 
range and noncollinearity. Second, these meth-
ods take no account of the stochastic variability 
in photon detection.

 � Iterative image reconstruction
Modeling the statistical noise of PET data and 
the physical effects of the imaging model can 
lead to improved performance over the analyti-
cal methods. The improvement, however, comes 
at the expense of increased complexity of the 
reconstruction problem, making it impossible to 
obtain a direct analytic solution. Consequently, 
the reconstruction problem is solved iteratively, 
meaning the image estimate is progressively 

updated towards an improved solution. Initially, 
the computation cost hindered iterative recon-
struction’s clinical use, but advances in computa-
tion speed and the development of efficient algo-
rithms have permitted widespread clinical use of 
iterative image reconstruction methods [6,29–31]. 

Formulation of iterative methods
The basic concept of iterative reconstruction is 
summarized here. First, we make an initial esti-
mate of the object activity distribution. Then we 
calculate the estimated projection by forward 
projecting the initial estimate. Based on the com-
parison between estimated and measured projec-
tions, the initial estimate is adjusted according to 
certain criterion. This ‘forward project, compare, 
backproject, adjust’ procedure is repeated till the 
estimated image reaches a desired solution. 

All iterative methods can be characterized with 
two key components. First, a criterion that defines 
the ‘best’ image. This criterion is represented as an 
objective (or cost) function, which measures the 
similarity (or difference) between the image esti-
mate and the best image. The most widely used cri-
terion is the maximum likelihood (ML) approach, 
which will be discussed in detail later. Another 
common criterion is the least square principle, 
which measures the difference between measured 
and estimated projections using Euclidean dis-
tance [32]. Second, all iterative methods require a 
numerical algorithm to determine how the image 
estimate should be updated at each iteration based 
on the criterion. The expectation-maximization 
(EM) algorithm is commonly used to find the ML 
image estimate, and the classic MLEM algorithm 
will be discussed.

Historically, much research effort has concen-
trated on these two components: designing the 
optimization criterion and developing efficient 
algorithms. However, there are three other key 
factors that strongly influence the reconstruction 

No smoothing 4 mm Hanning filter 8 mm Hanning filter

Figure 5. Comparison of filtered backprojection reconstruction of identical patient data 
with different noise control levels. No smoothing (A), a 4 mm Hanning filer (B) and a 8 mm 
Hanning filter (C). A broader Hanning filter in spatial domain (or equivalently a lower cutoff 
frequency in Fourier domain) leads to smoother images.
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result. These three factors need to be carefully 
selected to obtain a desired image estimate. First, 
the image representation specifies a model for 
the image. The most common one is using dis-
tinct pixels (2D image elements) or voxels (3D 
image elements) to discretize the image domain. 
Alternative methods have been proposed. One 
example are ‘blobs’, which have spherical symme-
try and bell-shaped radial profiles [27,33]. Second, 
the imaging model describes the physics of the 
measurement process. It relates the image to the 
data. The imaging matrix H in equation 2 is such 
a model, where each element H

ij
 contains the 

probability that image element f
j
 contributes to 

data element p
i
. It can model only the geometrical 

mapping from the object to the data, or it can 
include other physical effects such as attenuation 
and detector blurring. For the latter, the imaging 
matrix can be factorized as: 

H H H H H Hsensitivity blur attenuation geometry positron=

with each matrix representing one physical 
component [30,34,35]. Third, the statistical model 
describes the uncertainty of PET measurements 
(i.e., the probability distribution of measure-
ments around their mean values). Since photon 
detections are Poisson distributed, most methods 
adopt a Poisson model. However, the measure-
ment distribution may be changed by data correc-
tion steps as described previously, so other models 
have been proposed (e.g., shifted Poisson model 
[36]) to describe the data statistics more accurately.

Different choices in these three components, 
together with variations in the criterion and the 
algorithm, have resulted in a great variety of 
iterative reconstruction methods [6,29,30]. We will 
focus on the two most representative methods in 
the following discussion, and then briefly review 
other types of iterative reconstruction.

MLEM method
Maximum-likelihood estimation is a standard 
statistical estimation method. It produces an 
estimate that maximizes the likelihood function 
(i.e., the estimate that ‘most likely’ leads to the 
measured data). The EM algorithm is an effi-
cient algorithm to find the ML estimate. MLEM 
image reconstruction provides the foundation 
for many popular iterative methods. It adopts 
ML as the optimization criterion, and uses the 
EM algorithm to find the optimal solution. 

The EM algorithm, first described in detail 
by Dempster et al. [37], is a numerical algorithm 
to solve incomplete data problems in statistics. 
This general algorithm was later introduced to 
emission tomographic reconstruction [38,39]. 
For image reconstruction with a Poisson 
l ikelihood, the MLEM method is a simple 
 iterative equation:

f
H

f
H

H f

p( )

'

'

( )

( )
j
n

i j

i

j
n

ij

i ik k
n

k

i1
=

+t
t

t/ / /
where ft j

(n) is the image estimate for voxel j at 
iteration n. The flow of the algorithm is shown 
in Figure 6. The initial guess ft j

(0) (often a blank 

Initialize (1) Forward project

(2) Compare with
measured projections

(3) Backproject ratio
to all voxels

(4) Update image

New image estimate

Measured data

Figure 6. Flow diagram of maximum-likelihood expectation-maximization algorithm. 
Starting from the initialization in the upper left, the algorithm iteratively updates the image estimate 
and is stopped after reaching a preselected iteration.

(7)

(8)
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or uniform grayscale image) is forward projected 
into the projection domain (denominator on 
right side). Then, the comparison between esti-
mated and measured projections is determined 
by calculating their ratio. This ratio in projection 
domain is backprojected to the image domain 
and properly weighted, providing a correction 
term. Finally the current image estimate ft j

(n) is 
multiplied by the correction term, generating the 
new estimate ft j

(n+1). This process is repeated and 
the image estimate converges to the ML solution.

While the MLEM algorithm has consistent 
and predictable convergence behavior, it suffers 
from two main drawbacks. First, the method 
yields very noisy images due to the ill-condition-
ing of the problem [39]. One common solution 
is stopping the algorithm before convergence, 
and several stopping rules have been proposed 
[40,41]. Another solution is to apply a smoothing 
filter to the reconstructed image for noise sup-
pression [42]. Likewise, sieves (an operation that 
suppresses high frequency noise) can be applied 
during each iteration to impose smoothness [43]. 
These solutions reduce the noise at the expense 
of increasing bias. 

The second drawback of MLEM is its slow 
convergence. While the algorithm is stopped 
early in practice, it typically requires many iter-
ations (in the order of 30–100 iterations with 
typical PET data) to reach an acceptable solu-
tion. Since each iteration involves forward and 
backward projections, and FBP reconstruction is 
equivalent to one backprojection, MLEM meth-
ods require considerably more computation time 
than FBP methods. 

Ordered subsets methods: ordered 
subsets EM
To address the issue of slow convergence, dif-
ferent methods have been proposed to acceler-
ate MLEM. Several researchers reformulated 
the update equation to increase the magnitude 
of change at each iteration [44,45], and others 
proposed to update each pixel individually in a 
space-alternating generalized EM algorithm [46]. 
A larger category of methods, of which ordered 
subsets EM (OSEM) is the most popular, uses 
only part of the data at each update [47–49]. 

The OSEM algorithm [47] partitions the pro-
jection data into B subsets (typically mutually 
exclusive) and uses only one subset of data S

b
 for 

each update. It results in a slight modification of 
the update equation:

f
H

f
H
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where b is the index for subiteration (i.e., 
update with one subset of data), and 
ft i

(n,0) = ft j
(n-1), ft

j
(n,B) = ft j

(n). Each pass of the entire 
data set involves a greater number of updates, 
leading to significant acceleration compared 
with MLEM. The number of subsets determines 
the degree of acceleration. In practice, OSEM 
converges roughly B times faster than MLEM. 
Figure 7 shows OSEM reconstruction at different 
iterations with a different number of subsets. 
Note that the result at iteration one with ten sub-
sets is similar to the result at iteration ten with 
one subset, indicating that MLEM (i.e., OSEM 
with one subset) needs approximately ten-times 
the computation time of ten-subset OSEM to 
achieve a similar reconstruction result. 

One drawback of OSEM is that it is not 
guaranteed to converge to the ML solution. As 
with the MLEM method, due to the increasing 
noise level with iterations, the algorithm is ter-
minated early and/or the reconstructed image 
is post smoothed (Figure 8). Other variants of the 
subset-based methods include rescaled block-
iterative EM algorithm [49] and the row-action 
ML algorithm [48], which are shown to converge 
to the ML solution under certain conditions. 
However, OSEM is currently the most widely 
use iterative reconstruction method. 

Other iterative methods 
So far we have discussed the MLEM method 
and its variant, the OSEM algorithm. Now 
we will briefly review several other types of 
 iterative methods.

Algebraic reconstruction techniques (ART) 
enjoyed considerable interest in the early devel-
opment of emission tomography. ART recon-
struction attempts to find an image that satisfies 
a set of known constraints. These constraints 
are determined by the PET data and/or prior 
knowledge of the image (e.g., non-negative 
pixel activity) [28]. The ART problem is solved 
iteratively and block-iterative (or ordered subset) 
methods are available to accelerate the conver-
gence [50,51]. The main limitation of ART is that 
it does not model the statistics of PET data, lead-
ing to complications in the presence of statistical 
noise. In emission tomography reconstruction, 
ART methods have been replaced by ML-based 
statistical methods (e.g., MLEM, OSEM). 

In addition to specifying how well the image 
estimate fits the data (e.g., using the ML criterion), 
one can also include desired image properties 
(e.g., smoothness, non-negativity) in the optimi-
zation criterion. In essence, ML methods assume 
a statistical model for the data. By incorporating 

(9)
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both a statistical model for the data and the 
image, one arrives at the formulation of maxi-
mum a posteriori (MAP) reconstruction. Instead 
of maximizing the likelihood function, the algo-
rithm seeks to maximize the posterior probability 
density, so that an a priori model of the image 
distribution is enforced in the reconstruction. The 

a priori knowledge, or ‘prior’, is often a smoothness 
constraint [46,52], which enforces a more elegant 
noise control method than early termination of 
algorithm. The priors may also include anatomi-
cal information from other imaging modalities 
such as CT or MRI [53,54]. The MAP solution 
can be computed using generalizations of the EM 

Iteration 1 Iteration 5 Iteration 10

1 subset

5 subsets

10 subsets

Figure 7. ordered subsets expectation-maximization reconstruction of patient data for 
different iterations and number of subsets. (A) Ordered subsets expectation‑maximization 
reconstruction with one subset, which is equivalent to the maximum‑likelihood expectation‑
maximization algorithm; (B) ordered subsets expectation‑maximization with five subsets; 
(C) ordered subsets expectation‑maximization with ten subsets.

No smoothing 5 mm Gaussian filter 10 mm Gaussian filter

Figure 8. Comparison of ordered subsets expectation-maximization reconstruction of 
patient data with different smoothing parameters (iteration ten, with ten subsets). 
No smoothing (A), a 5 mm Gaussian filter (B) and a 10 mm Gaussian filter are shown. Smoother, but 
more blurred images are obtained with increasing the amount of postfiltering (A–C).
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algorithm [52,55,56], and ordered subset methods can 
be applied to speed up MAP reconstruction [57,58]. 
Challenges of MAP methods include determina-
tion of the desired magnitude of the influence 
of the prior and the additional computational 
demand of enforcing this prior information.

The priors in MAP reconstruction can be 
considered as a penalty on solutions to enforce 
desirable properties, so MAP methods are some-
times called penalized ML methods. This penal-
ization formulation can be extended to the tradi-
tional least square methods. One representative 
method is the penalized weighted least square 
algorithm [59,60], which is equivalent to the MAP 
method with a Gaussian likelihood model under 
certain conditions of the data variance terms [61]. 

3d PET image reconstruction
 � Fully 3D PET data

Fully 3D PET imaging acquires data from both 
transverse and oblique imaging planes, offer-
ing increased scanner sensitivity and potentially 
improved signal-to-noise performance. Fully 3D 
PET data differs from its 2D counterpart in two 
aspects: spatially-varying scanner response and 
data redundancy. In 2D imaging, the detectors 
are rotationally symmetric, so the projections 
are available at all angles in the imaging plane. 
The 3D analog would be a spherical scanner 
with detectors surrounding the object, which 
is unrealistic in practice. Since most PET scan-
ners have a cylindrical geometry, projections are 
truncated in the axial direction due to the lim-
ited axial length of scanner, resulting in a spa-
tial variance in scanner response. The observed 
intensity of a point source will vary depending 
on the position of the point source in the scan-
ner’s field of view, causing complications for 
analytic image reconstruction [25].

The second feature of 3D PET data is its 
redundancy. Recall in 2D imaging, a 3D image 
volume is reconstructed by stacking recon-
structed images from each of the transverse 2D 
sinograms. So the set of 2D sinograms alone 
contains sufficient information to reconstruct 
the 3D image volume. In this sense, fully 3D 
PET data, which contains detections from 
both transverse and oblique planes, has an 
inherent redundancy. This redundancy can 
be utilized to improve the signal-to-noise per-
formance. And as we will discuss later, this 
feature also provides a solution for 3D analytic 
reconstruction. 

 � Rebinning methods
An intuitive solution to 3D PET reconstruction 
is to convert the 3D data to decoupled sets of 
2D data and apply 2D reconstruction strategies. 
This conversion involves some form of signal 
averaging, and the process is called ‘rebinning’. 

The most straightforward rebinning method 
is single-slice rebinning [62]. It calculates the 
average axial position of a coincidence event, 
and places the event in the sinogram closest 
to that average position. This method is fast 
and efficient, but it also causes blurring in the 
axial direction. 

A more accurate method is the Fourier rebin-
ning (FORE) algorithm. The details of FORE 
are beyond the scope of this article and we refer 
interested readers to [63]. In principle, FORE 
relates the Fourier transform of oblique sino-
grams to the Fourier transform of transverse 
sinograms. This approximate relation converts 
the oblique sinograms into a set of equiva-
lent transverse sinograms. Compared with 
single-slice rebinning, FORE slightly ampli-
fies statistical noise, but leads to significantly 
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Figure 9. Transaxial slice from simulation of a PET image of the torso. The second row plots 
the horizontal profile through the slice with a solid line. Images reconstructed with (A) filtered 
backprojection, (B) conventional penalized weighted least square, (C) penalized weighted least 
square with improved system model and (d) penalized weighted least square with improved system 
model and anatomical prior.
Reproduced from [73].
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less distortion [64]. Similar rebinning methods 
include FOREX [63,65] and FORE-J [66], and 
their relation to FORE is  discussed in [66]. 

Rebinning methods decompose the 3D 
reconstruction problem into a set of 2D prob-
lems. This greatly reduces the data storage and 
computation requirements. More importantly, 
the rebinned 3D PET data can be reconstructed 
using either analytic or iterative 2D reconstruc-
tion methods. The limitation of rebinning 
methods is that they lead to spatial distortion 
or noise amplification. 

 � 3D analytic reconstruction
Conceptually, the FBP method can be extended to 
3D reconstruction. However, as discussed in the 
‘Fully 3D PET data’ section, the spatial variance of 
3D PET data complicates the analytic reconstruc-
tion. For example, since projections are truncated 
in the axial direction, it is not possible to compute 
the Fourier transform of projections by simply 
using the fast Fourier transform algorithm. 

The most representative 3D analytic recon-
struction method is the 3D reprojection algorithm 
[67]. It restores the spatial invariance by making 
use of the data redundancy. Transverse sinograms 
are extracted from the 3D data and reconstructed 
with 2D FBP. Reconstructed images are stacked 
into a 3D image volume, which is then repro-
jected into the projection domain. In this way, the 
unmeasured regions of projections are estimated, 
and 3D FBP method can be used for reconstruc-
tion. Further details of implementation can be 
found in [68]. 

Compared with 2D FBP reconstruction, 3D 
reprojection algorithm can significantly improve 
the signal-to-noise performance. This potentially 
allows a higher spatial resolution in reconstructed 
images, since a higher cutoff frequency can be 
used in the reconstruction filter. 

 � 3D iterative image reconstruction
Iterative reconstruction methods can be directly 
adapted to 3D PET data, although the com-
putation complexity for the imaging model H 
increases dramatically. Iterative methods can 
include the spatial variance of the 3D data in 
the imaging model, so no additional steps are 
required as in analytic 3D image reconstruc-
tion. For 3D PET, the object is represented by 
a set of voxels rather than 2D pixels, and the 
imaging model relates the voxel activity to the 
3D projections. 

The major challenge for fully 3D iterative 
reconstruction is the computational demand. 
The imaging model H becomes extremely 

large due to the added dimensionality in both 
the image and the projection domains. These 
increases require more data storage space and 
more computation time. One useful tool is the 
factorized system model [30,34,35], as shown in 
equation 7. Advances in computer processing and 
faster  algorithms are helping to overcome these 
challenges. 

Current developments & challenges 
 � Selection of image  

reconstruction parameters
One challenge in image reconstruction is the 
selection of proper reconstruction parameters. 
In analytic reconstruction, the roll-off and 
cutoff frequencies of the reconstruction filter 
(e.g., Hann filter) will determine the noise–reso-
lution tradeoff. More reconstruction parameters 
are involved with iterative reconstruction. We 
present examples in Figures 7 & 8 of how the choice 
of iteration, number of subsets and postsmooth-
ing can affect the final image. Commercial scan-
ners typically provide the option for end users to 
change these parameters. For OSEM-type recon-
struction, the optimal set of parameters would 
be object-dependent. The reconstruction param-
eters should be optimized for a given detection 
or quantification task. Evaluation is still ongo-
ing to study how different parameters affect 
 figures-of-merit of the reconstructed images. 

Figure 10. representative transverse sections of two different patients. 
(A–C) Patient with colon cancer (119 kg, BMI = 46.5) shows a lesion (arrows) in 
abdomen seen in CT much more clearly in the TOF image than non‑TOF image. 
(d–F) Patient with abdominal cancer (115 kg, BMI = 38) shows structure in the 
aorta (arrows) seen in CT much more clearly in the TOF image than in non‑TOF 
image. Low dose CT (A & d), non‑TOF PET with maximum‑likelihood expectation‑
maximization reconstruction (B & E), and TOF PET with maximum‑likelihood 
expectation‑maximization reconstruction (C & F). 
Reprinted with permission from [83].
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 � Incorporation of anatomical 
information 
PET imaging has relatively low resolution com-
pared with anatomical imaging modalities such 
as CT and MRI. PET/CT scanners offer the 
advantage of anatomical information (from the 
CT image) that can be incorporated into PET 
image reconstruction. Such anatomical informa-
tion can guide PET image reconstruction and 
noise regularization, leading to improved image 
quality in terms of signal-to-noise ratio and 
quantitative accuracy in PET images (Figure 9) 

[53,54,69,70]. Several studies have applied ana-
tomical information in a postprocessing step 
[71,72]. There is a clearer link with the imaging 
physics, however, if the anatomical information 
is integrated within an image reconstruction 

(e.g., MAP) framework [53,54,69,70,73]. Typically, 
these techniques require that the anatomical 
image must first be segmented to provide the 
boundary information. However, segmenting 
the CT image is a potentially difficult problem 
in practice. Methods requiring little or no seg-
mentation have also been proposed, and one 
approach is using mutual information to define 
the anatomical priors [74,75]. Another challenge 
is the registration of the two image modalities. 
While PET/CT scanners allow the acquisition 
of functional and anatomical information in the 
same session, physiologic motions (e.g., cardiac 
and respiratory motions) can cause artifacts in 
the fused image [76,77]. These issues should be 
properly considered when incorporating ana-
tomical information into image reconstruc-
tion [78,79], and the challenges listed above have 
 hampered adoption of such methods. 

 � TOF imaging
TOF imaging was originally proposed in the 
early development of PET scanners in the 1980s. 
By measuring the arrival time difference of the 
two annihilation photons in the detectors, TOF 
imaging can attempt to position the annihilation 
location along the line of response. This TOF 
positioning requires exceptionally fast timing 
and can lead to improved signal-to-noise per-
formance in the reconstructed images [80,81]. 
TOF PET was extensively studied in the 1980s, 
but sufficient timing resolution and detector effi-
ciency could not be achieved to provide image 
quality improvement. Recent instrumentation 
advances have renewed the development of TOF 
imaging and made clinical TOF PET a reality 
[82]. Studies have shown that TOF imaging can 
provide improved contrast-to-noise (Figure 10) 

[83] and lesion detectability [84] in clinical PET. 
Further evaluation of the benefits of TOF 
 imaging in clinical PET is still needed. 

 � Point spread function modeling
The performance of iterative image reconstruc-
tion methods can be further improved when the 
full physics of the imaging process is accurately 
and precisely modeled. One important com-
ponent of the physics modeling is the detector 
point spread function (PSF). Detector PSF in 
projection data space can be obtained through 
analytical derivations [85,86], Monte Carlo sim-
ulations [35,87] or experimental measurements 
[88,89]. Alternatively, the resolution modeling can 
be performed in the reconstructed image space 
[90,91]. Including the PSF model in reconstruction 
methods has been shown to improve the spatial 

Figure 11. Two transaxial slices from a patient brain [18F]
fluorodeoxyglucose study. (A) Reconstruction using point‑spread function 
modeling and scanner line‑of‑response modeling. (B) Reconstruction with scanner 
line‑of‑response modeling and a 3 mm Gaussian postfilter. Images in (A) and (B) 
have matched pixel‑to‑pixel variability in central white matter. Point‑spread 
function‑based reconstruction can resolve the features more clearly.
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resolution in the reconstructed images (Figure 11) 

[87,88]. PSF modeling can also lead to improved 
contrast recovery [92,93] and lesion detectability 
[94]. However, there is a growing recognition that 
PSF-based reconstruction results have different 
noise properties [92] and may contain quantita-
tion errors (e.g., overshoot at object edges, often 
referred to as the Gibbs effect) [89], which is still 
under evaluation. 

 � Motion correction
Considering that data for a single PET imag-
ing field of view is often acquired over 2–5 min, 
patient motion during imaging can affect both 
the detection and quantitation performance of 
PET. Proper strategies are needed to correct 
large-scale patient motion (e.g., head motion), 
cardiac motion and respiratory motion. Head 
motion is assumed to be rigid (i.e., consisting 
of translational and rotational transformations 
only). Correction methods include registering 
images obtained at different frames [95], or using 
forward-projected data for motion detection [96]. 
An alternative approach is to correct motion 
effects in a postprocessing step, by using decon-
volution algorithms [97]. Compensation for non-
rigid cardiac and respiratory motion typically 
involves gating methods, with each gated frame 
representing a particular cardiac or respiratory 
cycle (Figure 12) [98]. One correction method is 
a two-step solution: initial motion estimation 
from gated images (without motion correction 
in reconstruction), followed by a refined recon-
struction including the motion information 
[99]. An alternative approach is to estimate the 
motion within the reconstruction step [100,101].

 � 4D dynamic/parametric 
reconstruction
Dynamic PET imaging can be performed 
through a sequence of contiguous acquisitions, 
or list-mode acquisition followed by the speci-
fication of timing frames, all leading to a 4D 
data set. List-mode acquisition records the detec-
tion time of each coincidence event in addition 
to its spatial coordinates. By appropriate data 
regrouping, list mode data can be reformatted 
to a sequence of temporal frames. The image of 
radioactivity distribution at each temporal frame 
can be reconstructed, producing an estimate 
of the changing activity over time. Then with 
tracer kinetic models, the set of reconstructed 
activity images can be used to estimate physio-
logical parameters of interest (e.g., metabolic 
rate, tissue perfusion) for a selected region or 
each voxel [102]. Conventionally, the spatial 

distribution is reconstructed independently 
for each imaging frame. This frame-by-frame 
approach, however, fails to explore the temporal 
information of dynamic data, and leads to noisy 
reconstruction due to the low signal-to-noise 
ratio of data. A more precise way is to perform 
image or kinetic parameter reconstruction from 
the 4D data set, by including certain temporal 
modeling in reconstruction. Smooth temporal 
basis functions can be used to constrain the 
possible choices of time activity curves [103–105]. 
Principle component ana lysis can be used to 
transform the dynamic PET data into decor-
related sets, allowing fast reconstruction [106]. 
Several approaches also attempt to reconstruct 
parametric images directly from PET data [107]. 
These review articles provide broader and more 
detailed discussions on this topic [108,109]. 

 � Reconstruction for  
application-specific scanners
Since the 1990s, advances in instrumenta-
tion [110] and reconstruction algorithms [35,111] 
have improved the spatial resolution of PET. 
These advances have permitted the applica-
tion of PET to the imaging of small animals 
(mice and rats), which are invaluable models of 
human disease. Small animal PET imaging has 
permitted rapid testing of new drugs [112] and 
improved understanding of gene expression [113]. 
Interested readers are referred to these review 
articles for comprehensive discussions on small 
animal PET instrumentation and methodology 
[114,115]. In general, these systems offer interesting 
challenges to image reconstruction because they 
require high-resolution performance and often 
contain novel geometries, such as systems with 
large detector gaps or rotating gantries.

The combination of PET and MRI is cur-
rently an active research area. MRI provides 
structural images with high spatial resolution 
and excellent soft tissue contrast. An integrated 
MRI/PET scanner could allow simultaneous 
acquisitions of the two imaging modalities in 
a fixed geometry, by building a PET insert into 

Liver

Lung

Figure 12. Liver lesion images from a whole-body FdG study. 
(A) Respiratory motion causes blurring of lesion (arrows) in the reconstructed 
image. (B) Respiratory motion correction reduces the blurring.
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existing MRI scanners or adopting novel MRI 
scanner designs [116]. These systems provide 
aligned high-resolution MRI images, which 
can be used as anatomical priors for PET image 
reconstruction and facilitate precise localization 
of PET signals. The integrated MRI/PET scan-
ner will likely generate new opportunities: for 
example, imaging two molecular targets with 
distinct MRI and PET imaging probes [117]. 
One challenge of the integrated system is the 
interferences between the two modalities, which 
should be minimized to achieve consistent per-
formance with standalone PET or MRI devices. 
Another challenge is attenuation correction of 
PET data using MRI images, which is beyond 
the scope of this article. Details of integrated 
MRI/PET systems are presented in these review 
articles [116–119].

Future perspective
PET image reconstruction is a well-researched 
yet actively evolving field. In addition to the 
challenges discussed above (TOF imaging, 
improved system modeling, motion correction 
and dynamic imaging), there are other ongoing 
efforts in this area. There is a growing need for 

more accurate quantitation of PET. For exam-
ple, tumor metabolism via FDG-PET/CT can 
be used as a biomarker, which should be accurate 
and reproducible in multicenter, multi vendor 
clinical trials and meta-analyses. Additional 
efforts are required to develop clinically viable 
image reconstruction techniques that provide 
accurate, precise quantitative estimates of tracer 
distribution, independent of feature size, shape 
and location. Improved quantitative image 
reconstruction, together with other advances 
in instrumentation and data processing, could 
enhance the use of PET/CT imaging in patient 
care and in clinical studies of pathophysiology 
and therapeutic interventions [120]. 
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Executive summary

 � PET image reconstruction is usually formulated as a linear inverse problem. A number of corrections are needed to produce quantitative 
reconstruction results.

 � Analytic reconstruction methods provide a fast and direct solution, but they cannot model the physical effects of PET scanners or the 
statistical variability in photon detection. Filtered backprojection is the most widely used algorithm for analytic reconstruction. 

 � Iterative reconstruction methods can model statistical noise of PET data and physical effects, leading to more accurate reconstruction and 
increased complexity of problem.

 � All iterative methods can be characterized with two key components: a set of mathematically defined criteria defining the ‘best’ image, 
and an algorithm to find the solution.  

 � Maximum‑likelihood expectation‑maximization image reconstruction uses maximum likelihood as the optimization criterion, and 
employs the expectation‑maximization algorithm to find the maximum‑likelihood solution. Its popular variant, the ordered subsets 
expectation‑maximization algorithm, uses ordered subsets to accelerate convergence. Typically ordered subsets expectation‑maximization 
reconstruction is stopped at early iterations and postsmoothed to suppress noise. 

 � Current challenges in PET image reconstruction include: more accurate quantitation, TOF imaging, system modeling, motion correction 
and dynamic imaging. 
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