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ABSTRACT 

In this thesis, a two-dimensional pixel-wise deconvolution method for partial volume 

correction (PVC) for combined Positron Emission Tomography and Computer 

Tomography (PET/CT) imaging has been developed. The method is based on Van 

Cittert's deconvolution algorithm and includes a noise reduction method based on 

adaptive smoothing and median filters. Furthermore, a technique to take into account 

the position dependent PET point spread function (PSF) and to reduce ringing artifacts 

is also described. The quantitative and qualitative performance of the proposed PVC 

algorithm was evaluated using phantom experiments with varying object size, 

background and noise level. PVC results in an increased activity recovery as well as 

image contrast enhancement. However, the quantitative performance of the algorithm is 

impaired by the presence of background activity and image noise. When applying the 

correction on clinical PET images, the result was an increase in standardized uptake 

values, up to 98% for small tumors in the lung. These results suggest that the PVC 

described in this work significantly improves activity recovery without producing 

excessive amount of ringing artifacts and noise amplification. The main limitations of 

the algorithm are the restriction to two dimensions and the lack of regularization 

constraints based on anatomical information from the co-registered CT images.  
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LIST OF ABBREVIATIONS 

 

CT Computer tomography 

DOI Depth of interaction 

FBP Filtered back projection 

FDG Fluorodeoxyglycose 

FOV Field of view 

FWHM The full width at half maximum 

LOR Line of response 

MR/MRI Magnetic resonance/Magnetic resonance imaging 

NC Non co-linearity 

OSEM Ordered subsets expectation maximization algorithm 

PMMA Polymethyl Methacrylate 

PET Positron emission tomography 

PR Positron range 

PSF Point spread function 

PVC Partial volume correction 

PVE Partial volume effect 

RC Recovery coefficient 

RMS Root mean square deviation 

ROI Region of interest 

SUV Standardized uptake value 
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1 INTRODUCTION 

The potential of PET/CT to produce quantitative measurements of tracer concentrations 

is severely hampered by the partial volume effect (PVE). PVE is basically an effect 

caused by bad spatial resolution and sampling (Soret et al 2007) and results in 

unreliable quantitative values, especially in small objects, as well as qualitatively 

impaired images. PVE can also be important for larger tumors, if they have a necrotic 

center. In contrast to the bias introduced by attenuation, scatter and random 

coincidences, PVE is not routinely corrected for in clinical images, even though PVE is 

producing biases quantitatively comparable with those caused by attenuation. The 

consequences of overlooking PVE can be especially severe when using PET to measure 

the response to tumor therapy (Weber 2005). If the size of a tumor is reduced due to 

therapy this will result in more pronounced PVE, thus leading to a decrease in intensity 

in the tumor. This could be wrongly interpreted as a reduction of tumor aggressiveness, 

possibly resulting in erroneous decisions about the continuation of the treatment. 

 

1.1 IMAGE FORMATION IN PET 

In PET the image is reconstructed from a collection of lines of response (LOR). The 

LOR is a straight line between a pair of detectors in which a coincident detection of two 

annihilation photons has taken place. This implies that the radioactive decay through 

positron emission has taken place along this LOR. Each detector pair forms a LOR (or 

actually a volume of response due to the finite size of the detector elements) and the 

acquired data represents the number of events recorded along each LOR. In fully three-

dimensional PET imaging, all the acquired data constitutes a 4 variable sinogram: 

),,,( θϕrr yxp  where ),( rr yx  are the coordinates in the two-dimensional projection of 

the object in the direction ),( θϕ . To reconstruct the data into an image the 3D PET data 

is usually rebinned into slices, thus converting the 3D data set into a set of 2D data. 

After that the data can be reconstructed into an image by filtered back projection (FBP) 

or iterative methods. The most common reconstruction method in today's PET-systems 

is the ordered subsets expectation maximization algorithm (OSEM), which is an 

iterative reconstruction method. 
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1.2 THEORY BEHIND PVE 

As mentioned above PVE is the result of bad spatial resolution in the PET imaging 

system. Originally PVE is an effect appearing in the projection space, as a broadened 

distribution of the LOR:s. Due to several factors described below the positron emitting 

decay taking place at a certain position in the object can result in a broadened 

distribution of LOR:s, thus blurring the image. In the image plane, PVE can be thought 

of as a smearing of the intensity distribution, making the signal in high uptake areas 

(e.g. a tumor) spill over into low uptake areas. Mathematically this can be described as a 

transformation H of the object O (in the present case, O is the activity distribution): 

 

),,()],,([),,( zyxzyxOHzyxI η+=    (1.1) 

 

where I(x,y,z) is the original image and ),,( zyxη  is additive noise. The effect is 

illustrated in one dimension in Figure 1 below, where the pixel intensity is decreased 

due to PVE. Note however that the total pixel intensity in the image is preserved; the 

intensity is merely redistributed. 

 

Figure 1. Illustrative comparison, in the image plane, between the real object and a PVE affected image. 
The image is simulated. 
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The limited spatial resolution in PET imaging is a consequence of several independent 

factors. Some of them are of geometrical and mathematical nature while others are due 

to radiation physics. Below is a list of the primary factors responsible for degradation of 

spatial resolution in PET, followed by an explanation of each one of them. 

 

• The positron range before annihilation (PR) 

• The non co-linear spread of annihilation photons (NC) 

• The photon depth of interaction effect (DOI) 

• Detector resolution 

• Reconstruction filters 

 

The positron range (PR) refers to the fact that positrons emitted from a decaying 

nucleus travel some distance before they are slowed down and annihilate with an 

electron. This causes mismatch between the position of radiopharmaceutical uptake and 

the position of the annihilation event. The positron range is dependent on the positron 

energy, thus on the radionuclide used, and on the tissue type. If F-18 (the most common 

PET nuclide) is used, the PR effect is however small in relation to other blurring effects 

with the possible exception of lung tissue where the PR is larger (Sánchez Crespo et al 

2004). 

 

The NC effect relates to the non-parallel emission of annihilation photons due to some 

residual momentum possessed by the positron at the time of annihilation. According to 

fundamental kinematics (conservation of momentum) the angle between the emitted 

photons cannot be 180° if the positron possesses momentum. The result is an angular 

spread of annihilated photons (DeBenedetti et al 1950). Since the determination of lines 

of response assumes co-linear emission this effect will cause blurring of the image. The 

magnitude of the NC-effect is dependent on the distance between the coincidence 

detectors, being larger with large distances (i.e. in the center of the FOV) (Sánchez 

Crespo and Larsson 2006). 

 

The DOI-effect refers to the image degradation caused by the incapability of the 

detectors to stop the photons immediately at the detector surface. Photons will be 
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detected at different depths in the detectors due to the statistical nature of photon 

interaction with matter. If the photon impinges the detector obliquely, the line of 

response determined by the light detection in the scintillators will not generally coincide 

with the line between the photon entrance points at the detector surface. This effect is 

illustrated in Figure 2, which shows that the DOI effect is strongly position dependent in 

the field of view (FOV), being larger in the periphery where a point source will appear 

as an ellipsoid (Sánchez Crespo and Larsson 2006). 

 

 

Figure 2. An illustration of PVE in the projection space due to the DOI effect. The LOR is miss-
positioned due to incapability of the detector system to correctly register the position of photon entrance 
at the detector surface. The result is a broadened distribution of LOR:s. (Image from Sánchez-Crespo and 
Larsson 2006.) 

 

The detector resolution refers to the finite size of the detector elements used to detect 

the annihilation photons. This is a geometrical effect that will blur the image. In one 

dimension this will result in a triangular point spread function (PSF) in the mid point 

between the detectors with a full width at half maximum (FWHM) of half the detector 

width while at the detector surfaces the PSF will be a box of the same size as the 

detector elements. At intermediate distances the PSF becomes a trapezoid (Cherry et al 

2003). 
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Reconstruction filters are used in the iterative reconstruction algorithm to suppress 

noise. These filters will not only suppress noise but will also have a degrading effect on 

the spatial resolution by blurring the image. The magnitude of this blurring is primarily 

determined by the cut off frequency of the filter that in turn is dependent on the noise 

level. Depending on the acquisition time, the tracer concentration in the area imaged 

and the sensitivity of the camera the noise will have different amplitude. The cut off 

frequency of the noise reducing filters therefore has to be properly selected in order to 

give an acceptable noise level. 

 

Another parameter that affects the PVE is the voxel size (Soret et al 2007). A large 

voxel size will result in more PVE. This is because the voxel intensity is the average of 

the underlying activity distribution over the size of the voxel. For instance, if a voxel is 

located right across an edge between a hot and a cold area in the object, the voxel 

intensity will be an average of the hot and cold value, thus making the edge look 

smoother than it actually is. This could be a problem when quantifying uptake in an 

object comparable in size to the voxel, since the value will be too low inasmuch as the 

object may not fill the entire voxel. This sampling phenomenon must also be taken into 

account when making partial volume correction (PVC) 

 

1.3 CORRECTION METHODS FOR PVE 

There are several possible approaches to correct for PVE. The simplest PVC is the use 

of recovery coefficients (RC) (Hoffman et al 1979, Kessler et al 1984). The correction is 

performed by simply multiplying the pixel intensity value in a specific region of interest 

(ROI) with an RC. Thus the correction is performed by a region based global scaling 

factor. Values of RC are determined by measurements on objects with known activity 

and known shape. To correct the standardized uptake value (SUV, defined as the ratio 

of tissue radioactivity concentration and injected dose multiplied by a normalization 

factor that takes into account the weight or shape of the patient) properly in a specific 

ROI, precalculations has to be made of RC for an object of similar size and shape to the 

object of interest (e.g. a tumor). Furthermore the RC must be determined separately for 

different locations in the FOV to account for the varying spatial resolution. 
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Another region based method uses anatomical information from CT or MR images to 

determine the spillover of activity between different tissues. The PET image is 

segmented into different tissue types with the help of a high-resolution image (CT or 

MRI). Integration of the system PSF over the different tissue regions yields the fraction 

of signal originated in one tissue and detected in the other tissues (Rousset et al 1998). 

These methods generally work well for brain images where the images can be easily 

segmented into white matter, gray matter and cerebrospinal fluid. This is more 

problematic for whole body imaging 

 

The two methods above are region based and do not result in corrected images but 

merely in corrected SUV-values. Other methods are pixel based and use system 

modeling in the iterative reconstruction algorithm; often together with co-registered 

anatomical information yielding PVE corrected images (see for example Alessio et al 

2006, Ardekani et al 1996, Comtat et al 2002, Leahy et al 2000, Lipinsky et al 1997 and 

Wang et al 2004). A disadvantage of these methods is that they require very accurate 

co-registration of CT and PET images. This is easily accomplished in brain studies but 

is harder to achieve in whole body imaging due to gross patient motion and breathing 

motion. Furthermore, in tumor imaging the tumor borders on the CT image may not 

coincide with the borders in the PET image, e.g. due to necrotic regions. 

 

To correct images after reconstruction a multi resolution approach using wavelet 

transforms could be applied where high-resolution information from e.g. a CT image is 

incorporated into the PET image (Boussion et al 2006). It seems however that this is a 

method suitable only for brain studies since it demands a positive correlation of gray 

levels between the images. 

 

Antoher correction method is based on image deconvolution with the PET system PSF. 

For example, Teo et al (2007) proposed a deconvolution algorithm as a post 

reconstruction PVC. The correction however leads to large noise amplification making 

the images improper for visual interpretation. Deconvolution has also been used in 

thoracic PET imaging to correct for breathing motions (El Naqa et al 2006). An 

advantage with this methodology is that it can be applied after reconstruction and 
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requires no co-registered anatomical information. A disadvantage is that the position 

dependency of the PSF can not be taken into account in deconvolution, wherefore it has 

to be performed in regions small enough to allow for the assumption of position 

invariant PSF. 

 

One of the greatest issues with deconvolution is the strong amplification of noise. This 

can result in deconvolved images that are completely submerged by noise and useless 

for any purpose. The problem of denoising a digital image has been addressed in a vast 

amount of papers since the evolution of digital images. The most basic approach is to 

use a smoothing filter of some kind (e.g. gaussian or averaging filter). The problem with 

these simple noise reduction methods is that they generally blur the image at the same 

time as reducing the noise, which is an undesirable feature especially in the present 

context when the scope is to reduce the blurred appearance of the image. To reduce this 

blurring the noise reduction can be performed by thresholding in the wavelet domain 

(see for example Donoho 1995, Gnanadurai and Sadasivam 2005). Wavelet denoising 

can also be incorporated in the deconvolution (Starck and Murtagh 1994). Another 

approach is to use a median filter or an adaptive smoothing filter, which uses local 

image statistics to adapt the filter in order to reduce noise whilst preserving fine details 

(Lee 1980). 

 

Another problem encountered with deconvolution is the appearance of ringing artifacts 

(a.k.a. Gibbs phenomenon) in the vicinity of sharp intensity changes. The reason for this 

is a violation of the sampling theorem that states that to correctly represent a function 

the sampling interval must not exceed 1
0 )2( −v , where 0v  is the highest frequency 

present in the function. The highest frequency in the image is dependent of the PSF of 

the imaging system. The more narrow the PSF, the higher frequencies will be present in 

the image. As a rule of thumb the sampling interval should not exceed one third of the 

FWHM of the PSF (Cherry et al 2003, chapter 16). The sampling of the imaging system 

is usually adapted to fulfill the sampling theorem for the system PSF. The ringing 

problem arises when the PSF is deconvolved from the image, thus improving the spatial 

resolution. While improving the spatial resolution the PSF of the restored image gets 

more and more narrow, leading to violation of the sampling theorem. To understand the 
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ringing, a point source located between two sampling points can be considered. The 

deconvolution algorithm simultaneously tries to restore the position and width of the 

point source. To restore the position the intensity has to be distributed over several 

pixels whereas to correctly restore the zero width the intensity should be put in one 

single pixel. This antagonism results in ringing. A solution could be to resample the 

image with shorter sampling interval; this however is not a satisfactory solution since 

the deconvolution algorithm seeks to remove the effect of the PSF totally, striving 

against a PSF of zero width. To fulfill the sampling theorem would then demand an 

infinitely small sampling interval. An alternative solution was proposed by Magain et al 

1998 in which a narrower PSF than the measured is deconvolved from the image (cf. 

Sect. 3.2) 

1.4 THE AIM OF THIS PROJECT 

The first part of the project was devoted to develop a theoretical PVC model based on 

an iterative correction deconvolution algorithm. Since deconvolution correction 

techniques amplify image noise, several methods for decreasing image noise were 

developed. Finally the quantitative and qualitative performance of the PVC algorithm 

were tested both with phantom experiments and in clinical images obtained in the 

SIEMENS Biograph True Point True V PET/CT system at the Department of Nuclear 

Medicine of the Karolinska University Hospital, Solna. 

 

2 MATERIALS AND METHODS 

2.1 CHARACTERIZATION OF THE SYSTEM PSF 

In order to investigate the PET scanner PSF at different distances from the center of the 

transversal FOV a specific phantom was constructed, see Figure 3. The phantom 

consisted of a 0.5 mm diameter hose, trailed through a pair of plastic rulers at every 5 

cm so that 11 different parallel line sources where obtained. The phantom was filled 

with FDG at a concentration of 22.5 MBq/ml and placed with the line sources parallel 

to the axial direction in the PET/CT scanner. 
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Figure 3. A photograph of the line source phantom used for PSF measurements. The radioactive solution 
is injected in one end of the hose and air is let out in the other end 

 

A 5 minutes per bed standard patient acquisition protocol was used for the phantom 

examination. The data was then reconstructed using the ordered subset expectation 

maximization algorithm (2D-OSEM, 4 iterations, 8 subsets, 5 mm gaussian filtering), 

giving a pixel size of 2.0364 x 2.0364 mm2 and a slice thickness of 5.0 mm. 

 

2.2 PVC ALGORITHM 

The basic idea of the PVC is to solve Equation 1.1 for O(x,y,z). In order to do that a 

number of assumptions were made. Assuming H to be a linear transformation, equation 

1.1 can be rewritten as: 

 

),,(ddd),,,,,(),,(),,( zyxzyxPSFOzyxI ηγβαγβαγβα += ∫ ∫
∞

∞−

∞

∞−

  (2.1) 

 

where ),,( γβα  corresponds to a point in the object plane and PSF is the impulse 

response of H, Equation 2.1 is known as the Fredholm integral of the first kind and is 

the most general description of image formation in linear systems. Solving Equation 2.1 

for O would yield an image without PVE. This however requires full knowledge of the 

PSF, which in the case of PET means that the probability that an event occurring at 

position (α,β,γ) in the object is detected at position (x,y,z) in the image, must be known. 

Since the number of LOR:s is in the order of 106-109 this is not a trivial task. 



 18

 

Assuming H to be position invariant, that is the spatial resolution is the same throughout 

the field of view, Equation 2.1 simplifies to: 

 

),,(),,(),,(),,( zyxzyxOzyxPSFzyxI η+⊗=   (2.2) 

 

where ⊗  denotes three-dimensional convolution. If Fourier transformation is performed 

on Equation 2.2, deconvolution turns into multiplication in the frequency domain and 

by using the fast Fourier transform algorithm, the computing time can be decreased 

substantially. Solving Equation 2.2 for ),,( zyxO  represents an ill-posed inverse 

problem, thus lacking an exact solution. However, an approximate solution can be 

achieved by using an iterative deconvolution algorithm. In this work, the Van Cittert's 

algorithm (Van Cittert 1931) was used. The basis of the algorithm is optimization 

through steepest descent: 

 

( )),,(),,(),,(),,(),,( 1 zyxPSFzyxOzyxIzyxOzyxO kkk ⊗−+=+ α   (2.3) 

 

where kzyxO ),,(  is the k:th estimate of the object, ),,( zyxI  is the original image, and 

α is a convergence parameter usually set to one. The first approximation of ),,( zyxO  is 

taken to be the acquired image ),,( zyxI . The goodness of this estimate is investigated 

by calculating the difference between the acquired image and the image that would be 

obtained if the estimate would be the actual object (Equation 2.3). A positivity 

constraint was applied at each iteration, thus rejecting negative solutions. The number 

of iterations has a strong impact on the noise amplification wherefore only a few 

iterations can be performed on the noisy PET images. To further reduce the noise, an 

adaptive smoothing filter, using local image statistics, was used before deconvolution 

(Lee 1980). The filter operates as follows: 

 

( )xyzxyzxyzxyz ffff −
−

+= 2
local

2
noise

2
localˆ
σ

σσ   (2.4) 
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where xyzf  is the original pixel value at position ),,( zyx , xyzf̂  is the new pixel value 

estimated by the filter, xyzf  is the mean pixel value in a neighbourhood of ),,( zyx , 

2
localσ  is the variance in the same neighbourhood and 2

noiseσ  is the variance of the noise. 

According to Equation 2.4 the degree of smoothing is determined by the local variance 

in the image. A large local variance relative to the noise variance indicates that there are 

significant structures that should not be smoothed out and therefore the filtered value is 

weighted more against the original value. 2
noiseσ  was approximated as the average value 

of 2
localσ . The size of the neighbourhood around ),,( zyx  will affect the filtering result 

and different sizes were tested to achieve acceptable results. To reduce impulse-like 

noise that emerged in the deconvolution process a median filter was used after 

deconvolution. The median filter replaces the pixel value at ),,( zyx  with the median 

pixel value in a specified neighbourhood to ),,( zyx . In this way noise can be reduced 

without big losses in spatial resolution. As was the case with the adaptive smoothing 

filter in Equation 2.4 the size of the neighbourhood will affect the performance of the 

median filter. In this project a 3 by 3 pixels region was found to give acceptable results. 

 

Because the PET-PSF is position dependent, the image was decomposed into sub-

images with respect to the distance from the center (see Figure 4). To simplify the 

calculations, quadratic sub-images were used instead of circular, the error introduced by 

this simplification is small compared with the uncertainties in the PSF measurements. 

Setting all the pixel values outside the sub-image to zero performed the decomposition. 

In each sub-image the PSF measurement was used to approximate a PSF of that specific 

region, assuming a position invariant PSF within each region. The PSF was assumed to 

be symmetric in all radial directions, being dependent only on the distance to the center 

of the FOV. After deconvolution the deconvolved sub-images were added to yield the 

full deconvolved image. To avoid ringing artifacts at the borders of each sub-image, the 

sub-images were extended, thus yielding an overlap between adjacent sub-images. 

When adding the sub-images after deconvolution, the overlapping regions were set to 

zero. 
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Figure 4. Decomposition of the PET image into 6 different regions in order to deconvolve each region 
with the approximated PSF of that region. The image is illustrative and not to scale. 

 

The original PET image sampling distance is chosen to be compatible with the FWHM 

of the system PSF. However solving Equation 2.2 leads to a narrower system FWHM, 

thus necessitating a finer sampling grid to allow for improved spatial resolution. This 

was accomplished by resampling the original 336 x 336 images on a 1008 x 1008 

sampling grid, using bicubic spline interpolation. Even if the sampling is refined, the 

deconvolution algorithm in itself can cause violation of the sampling theorem, thus 

producing ringing artifacts. To reduce these artifacts the method proposed by Magain et 

al (1998) was used. Briefly, this method is based on deconvolving with a PSF that is 

compatible with the sampling distance of the corrected image. The images were not 

deconvolved with the measured system PSF, ),,( zyxPSF , but with a narrower 

function, ),,( zyxPSFD , according to the relation: 

 

),,(),,(),,( zyxPSFzyxPSFzyxPSF CD ⊗=   (2.5) 

 

where ),,( zyxPSFC  is the ideal PSF to be achieved by the deconvolution algorithm. 

After resampling the image, the FWHM of ),,( zyxPSFC  was set to three pixels (in the 
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resampled image) (Cherry et al 2003, chapter 16) and ),,( zyxPSFD  was obtained by 

deconvolution of Equation 2.5. To perform the deconvolution the experimentally 

determined FWHM of the system PSF was used to produce theoretical Gaussian system 

PSF. This makes the deconvolution of Equation 2.5 easy to carry out since all variables 

are noiseless. 

 

A noiseless computer simulated image consisting of a high intensity circle of radius 20 

pixels was used to investigate the ringing artifacts caused by deconvolution. To simulate 

PVE, the image was convolved with a gaussian PSF, having a FWHM of 6 pixels. The 

Van Cittert's deconvolution was applied to first deconvolve ),,( zyxPSF , and then the 

narrower function ),,( zyxPSFD , obtained from Equation 2.5, from the PVE affected 

image (cf. Sect. 3.2). 

 

2.3 PRACTICAL IMPLEMENTATION OF THE ALGORITHM 

Due to the dramatic decrease in computational burden the PVC was developed in two 

dimensions, thus applied on two-dimensional slices of the three-dimensional PET data. 

Figure 5 shows a flow chart describing the principal steps of the PVC algorithm. The 

algorithm was written in Matlab, using built in functions for convolution, image 

resampling and median filtering. When applying the PVC algorithm the following 

parameters were used: 5 by 5 pixels adaptive smoothing filter, 10 iterations and α=1 in 

the Van Cittert's algorithm and a 3 by 3 pixels median filter. 
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Figure 5. Flow chart representing the principal steps of the PVC algorithm. 

 

2.4 QUALITATIVE EVALUATION OF THE PVC 

A Hoffman brain phantom, filled with FDG at an activity concentration of 

approximately 40 kBq/ml, was imaged in the PET/CT scanner to study the qualitative 

effect of the PVC in the PET image. The phantom was placed in the center of the FOV 

and images where acquired with 5 minutes, 1 minutes, 30 seconds and 10 seconds 

acquisition times in order to obtain images with different noise levels. A standard 

patient protocol was used and the reconstruction was performed with 2D-OSEM, 4 

iterations, 8 subsets, 5 mm gaussian filtering. The transverse voxel size was 

2.0364×2.0364 mm2 and the slice thickness was 5.0 mm. 
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2.5 QUANTITATIVE EVALUATION OF THE PVC 

As a first quantitative test of the PVC algorithm, it was applied to the image of the line 

source phantom, used for the PSF characterization. In that way the effect on the FWHM 

of the PSF could be investigated.  

 

To further investigate the quantitative properties of the PVC algorithm, a NEMA 

phantom (NEMA 2001) was used to study the activity recovery, contrast enhancement 

(contrast is defined as: ( ) bgrbgrobj NNNC −= , where objN  is the intensity in the 

object), volume recovery and noise amplification in objects of varying size. The 

phantom consists of a 10 liters PMMA container that can be filled with water in order to 

simulate a scattering media and an insert containing six spheres with diameters of 37 

mm, 28 mm, 22 mm, 17 mm, 13 mm and 10 mm. To simulate different background 

levels, activity can be introduced in the water surrounding the spheres. All spheres, 

except for the one with 28 mm diameter, were filled with FDG at a concentration of 17 

kBq/ml. The concentration was chosen to approximately equal the concentration in a 

clinical study. The 28 mm sphere was left empty (filled with air) to study spill in from 

the background. The FDG concentration was measured using a syringe for volume 

measurement and a Capintec crc 120 detector for the activity measurement, the values 

were then corrected for decay between measurement and PET image acquisition. 

 

The first measurement was performed at a zero background level. The phantom was 

placed in the center of the PET FOV. A standard 5 minutes per bed patient protocol was 

used and data was reconstructed using 2D-OSEM, 4 iterations, 8 subsets, 5 mm 

gaussian filtering. The transverse voxel size was 2.0364×2.0364 mm2 and the slice 

thickness was 5.0 mm. 

 

In the second measurement, FDG was introduced in the background, giving an activity 

concentration of 8.5 kBq/ml, which corresponded to a background level of 

approximately 54% of the activity concentration in the hot spheres. For the PET image 

acquisition, the same parameters as in the first measurement were used. 
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In the third measurement approximately half of the water volume in the background was 

removed and replaced with water without activity, giving a background level of 

approximately 24% of the activity concentration in the hot spheres. For this 

measurement the same image acquisition parameters as in previous measurements were 

used, except for the acquisition time that was doubled (10 min), to somewhat 

compensate for the increased noise level due to radioactive decay. 

 

After PET image acquisition, the PVC algorithm was applied on the central transversal 

image slice of every image series. Then recovery coefficients (RC) were calculated for 

each sphere in the three measurements, before and after PVC. The RC was defined as 

the ratio between the activity concentration given by the activity measurements in the 

Capintec and the activity concentration given by the PET system. The PET activity 

concentration was determined by defining ROI:s in the PET image, using a threshold of 

80% of the maximum value in the hot spheres. For the contrast calculation, ROI:s 

defined by the sphere borders in the co-registered CT image were used. For the volume 

determination a 20% of the maximum threshold was used, assuming pixels above the 

threshold belong to the sphere, thus contributing to the volume. The volume recovery of 

the spheres with respect to the physical volume was calculated before and after PVC. 

Since the PVC was applied in two dimensions, both the PVC and volume determination 

were applied slice by slice. 

 

The effect of noise amplification was studied by calculating, after each iteration of the 

PVC, the variation of the standard deviation of the pixel values within a uniform 

background region of the NEMA phantom. 

 

Notice that PVE is also object shape dependent, to account for this, a Flangeless Esser 

PET PhantomTM with cylindrical inserts of different diameters was also used to study 

activity recovery and contrast enhancement at different background levels. The phantom 

consisted of a 6300 ml background compartment and an inset with 7 cylindrical hot 

compartments with 8, 12, 16 and 25 mm diameter sizes. By using C-11 ( 202/1 =T  

minutes) in the background and F-18 ( 1102/1 =T  minutes) in the hot objects the relative 

background decreased exponentially with a half-life of 25 minutes, thus allowing for 
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measurements at different background levels without moving the phantom. Image 

acquisitions were performed at five different time points, obtaining five different 

background levels (35%, 31% 25%, 20% and 14% of the intensity in the hot objects). 

The concentration of C-11 and F-18 was approximately 15 and 13 kBq/ml respectively. 

The image acquisition was performed with a 3 minutes per bed standard patient 

protocol. The reconstruction was performed by 2D-OSEM using 4 iterations and 8 

subsets and a 5 mm gaussian reconstruction filter, giving a transversal voxel size of 

2.032×2.032 mm2 and a slice thickness of 5 mm 

 

2.6 CLINICAL PET IMAGES 

To study the effect of the PVC algorithm on SUV values in a clinical image, the 

algorithm was applied on a patient PET study of the thorax. The images were obtained 

from a FDG whole body PET/CT study, containing tumors of varying size and different 

background levels. The PET/CT study was conducted at the Department of Nuclear 

Medicine at Karolinska University Hospital, Solna. 

 

3 RESULTS 

3.1 PET SYSTEM PSF MEASUREMENTS 

Figure 6 shows a transversal image of the line sources together with a radial profile 

through the line sources. Figure 6 shows that the radial FWHM (FWHMR) of the PSF 

increases with increasing distance from the center. This is mainly due to the DOI effect, 

which is stronger at the periphery of the FOV. Figure 7 shows the tangential FWHM 

(FWHMT), the FWHMR and the mean FWHM (FWHMM) of the system PSF as a 

function of position within the transversal plane. The more pronounced position 

dependency of the FWHMR compared to the FWHMT is due to the DOI effect, which 

blurs the image in the radial direction and is stronger in the periphery of the FOV. The 

errorbars are equal to ±2 mm, the width of the pixels. 
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Figure 6. Transversal slice of PET image of the line source phantom (top) and a radial profile through the 
center of the line sources (bottom). Note the broadening of the PSF and the decrease of intensity as the 
distance from the center of FOV increases. 

 

Figure 7. Results of measurements with the line source phantom. The FWHM of the PSF in the radial 
direction and in the tangential direction at different positions in the transversal plane. Also the mean 
FWHM between radial and tangential is shown. Note the difference in position dependency between the 
radial and tangential FWHM. The measuring points are slightly offset horizontally for clarity. 
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3.2 INVESTIGATION OF RINGING ARTIFACTS 

Figure 8 shows the effect of using different PSF definitions on the ringing artifacts. 

Comparing the middle and right images in Figure 8 demonstrates that the ringing 

artifacts are reduced by use of a narrower PSF, without visible loss of spatial resolution 

recovery. 

 

Figure 8. Simulated noise free image to show the reduction in ringing by deconvolving with a narrower 
PSF. Left: PVE affected image. Middle: Deconvolution performed with the full PSF. Right: 
Deconvolution with a narrower PSF to fulfill the sampling theorem. 

 

3.3 QUALITATIVE EVALUATION OF THE PVC  

Figure 9 shows the results of the Hoffman brain phantom study in the PET/CT scanner 

and displays the original PET image along with the PVC image and the co-registered 

CT image. Since the CT image has negligible PVE in comparison with the PET image, 

the CT image can be used as a reference image when assessing the qualitative 

improvement in the PVC image. 

 

Figure 9. Hoffman brain phantom study in the PET/CT scanner and the qualitative result of applying the 
PVC algorithm. Left: CT image. Middle: Original PET image Right: PVC PET image. The CT image 
has negligible PVE in comparison with the PET image, therefore it can be used as a reference image. 
Acquisition time was 5 minutes. 
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Figure 10 shows the influence of noise on the performance of the PVC algorithm by 

displaying original and PVC images for different acquisition times. The total increase of 

intensity due to the PVC in the hot compartment was 7% for all noise levels in Figure 

10. 

 

Figure 10. Hoffman brain phantom study in the PET/CT camera with different acquisition times. The top 
row shows the original PET images and the bottom row the PVC images. 

 

3.4 QUANTITATIVE EVALUATION OF THE PVC 

Figure 11 shows the original and the PVC transversal image of the central line source 

along with FWHMM of the line sources as a function of the radial position in the 

transversal plane before and after applying the PVC algorithm. The correction was 

applied in the transversal plane in the center of the axial field of view. 
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Figure 11. Results of applying the PVC algorithm on the PET image of the line source phantom. Left: 
Transversal PET image of the the central line source before (top) and after PVC (bottom). Right: The 
mean FWHM of the PSF in original and corrected image at different radial positions. The measuring 
points in the figure are slightly shifted horizontally to make the error bars distinguishable. The dotted line 
represents the pixel width in the corrected image, thus the minimal achievable FWHM. 

 

Figure 12 shows the results of the quantitative NEMA phantom measurement and 

includes PET images before and after PVC for three different background levels. Note 

the non-zero values in the cold 28 mm sphere and the influence of background level on 

the detectability of the hot spheres. 

[mm] 
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Figure 12. NEMA phantom measurements with hot spheres and three different background levels. The 
top row shows the original images and the bottom row the PVC images. The background level was 0 in 
the left images, 24% in the middle images and 54% in the right images relative to the concentration in the 
hot spheres. 

 

Figure 13 shows the RC of the hot spheres in the NEMA phantom, plotted against the 

diameter for three different background levels. Errorbars were determined using the 

standard deviation of the pixel values in the ROI. Table 1 shows the ratio of the PVC 

and original RC for the different spheres and in different background levels. Notice that 

the results for the smallest sphere are uncertain in the presence of background. 

 

Figure 13. Recovery coefficients in the hot spheres of the NEMA phantom for the zero background (left), 
24% background (middle) and 54% background (right), before and after PVC. 
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Table 1. The ratio between RC in PVC and original image in the NEMA 
phantom for different sphere diameters and background (bgr) levels. 

 Ratio (RCPVC/RCoriginal) 

Diameter [mm] No bgr. 24% bgr. 54% bgr. 

10 0.64 0.94 0.94 

13 0.78 0.80 0.89 

17 0.88 0.88 0.93 

22 0.89 0.90 0.87 

37 0.95 0.96 0.92 

 

Figure 14 shows the contrast ratio between the PVC image and the original image of the 

hot spheres as a function of sphere size. The measurement with no background is not 

included because the definition of contrast is not consistent with zero background. Note 

that the contrast measurement of the smallest sphere is very uncertain due to image 

noise. 

 

Figure 14. The contrast ratio between PVC image and original image of hot spheres in the NEMA 
phantom as a function of sphere diameter. The contrast is displayed for two different background levels. 

 

Figure 15 shows the volume recovery of the hot spheres in percent of the physical 

volume for three different background levels. This figure shows that the PVC produced 

proper volume recovery improvement only when there was no background activity. For 

the measurements with background activity, the volume determination is uncertain due 

to image noise. 
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Figure 15. Volume recovery in hot spheres, in the NEMA phantom, before and after PVC with three 
different background (bgr) levels. The volume recovery is presented as a percentage of the physical 
volume of the spheres. The PET sphere volume was determined by applying a threshold of 20% of the 
maximum pixel value (with background subtracted) 

 

Figure 16 shows the noise level in the PVC image as a function of iteration number. 

Curves are displayed both with the noise reduction (adaptive smoothing and median 

filters) turned on and off to demonstrate the effect of the adaptive noise reduction filters 

and the median filter. The number of iterations used for the PVC in this work was 

chosen to be 10. 

 

Figure 16. Investigation of noise amplification in the PVC algorithm. The noise level in the background 
of the NEMA phantom is displayed for different numbers of iterations, with and without noise reduction 
applied. Data are presented for the 24% background measurement. 
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Figure 17 shows the results of the measurements with the cylindrical Flangeless Esser 

PET PhantomTM and includes PET images of the phantom, before and after PVC for 

five different background levels. The figure demonstrates how the contrast of the hot 

cylinders is reduced with increased background level. 

 

 

Figure 17. Measurements with the Flangeless Esser PET PhantomTM in the PET scanner with different 
background levels. The top row shows the original images and the bottom row the PVC images. The 
background level was, from left to right , 14, 20, 25, 31 and 35% of the activity concentration in the hot 
cylinders. 

 

Figure 18 shows the recovery coefficient against background level for the four 

cylinders. Figure 18 shows that the effect of the PVC is largest for the smallest cylinder 

and that the background level within the range 14 to 35% seems to have little impact 

both on PVE and on the performance of the PVC algorithm. Figure 19 shows the 

contrast of the hot cylinders as a function of background level. The contrast 

enhancement after PVC is largest for the smallest sphere, as expected. There is no clear 

relationship between contrast enhancement and background level. The errorbars were 

determined by using the standard deviation of the pixel values inside the ROI. 

 

10 cm 

0 
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Figure 18. Results of measurements with cylindrical Flangeless Esser PET PhantomTM. The recovery 
coefficient is plotted against background level for four different cylinder diameters for the original images 
and the images corrected by the PVC algorithm. An 80% of the maximum threshold was used to define 
the ROI:s. The recovery coefficient is defined as the ratio between the true activity concentration and the 
activity concentration given by the PET image. 

 

Figure 19. Results of measurements with cylindrical Flangeless Esser PET PhantomTM. The contrast of 
the four hot cylinders is plotted against background level. For each cylinder size the contrast in the 
original image and the PVC image is displayed together with the true contrast, representing an image 
without PVE. 

 

3.5 CLINICAL IMAGES 

Figure 20 shows a clinical transversal PET image of the lungs before and after PVC and 

demonstrates increased sharpness and contrast, especially for small tumors. Table 2 

gives the SUV values, before and after PVC, in the four tumors indicated in Figure 20. 

The quantitative effect of the PVC on the tumors SUV values is presented in Figure 21. 

This figure displays profiles through the center of the four tumors before and after PVC. 
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Figure 20. Clinical FDG PET study of the thoracic region. Left: Original transversal PET image of the 
lungs, containing 4 tumors, indicated with arrows. Right: The same PET slice shown in the left image but 
after applying the PVC algorithm. 

 

Figure 21. Profile through the centers of the four tumors in Figure 20 before and after PVC. 

Table 2. SUVmean values in original and in the PVC images of the four 
tumors shown in Figure 20.  

SUVmean  

Original PVC 
Difference [%] 

Tumor 1 0.89 1.7 98 

Tumor 2 0.50 0.79 59 

Tumor 3 1.4 1.9 30 

Tumor 4 2.9 3.3 13 

Lung background 0.11 0.11 0 

Heart background 0.67 0.67 0 
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4 DISCUSSION 

Accurate PVC should be such that it includes a model for the physical processes that 

degrades the PET data already in the projection space (DOI, NC, PR etc). Such 

modeling should preferably be part of the PET image reconstruction algorithm. In that 

way the positional dependency of the distribution of LOR:s would be taken into 

account. However this is a rather complicated matter, instead a simpler approach is to 

apply PVC in the image plane. In this case several assumptions need to be made in 

order to derive the convolution model for image degradation. First, the transformation 

of the object into the image space is assumed to be linear. When using iterative 

reconstruction algorithms this is however not fully correct. This erroneous assumption 

may have an impact on the quantitative performance of the PVC algorithm. If instead, 

FBP is used for the reconstruction, the transformation would be linear, however, FBP is 

not commonly used in PET imaging because of the non-zero values appearing in areas 

with no signal from the object. Another assumption is the position invariance of the 

system PSF that allows transforming the Fredholm integral of first kind (Equation 2.1) 

into a convolution equation.  In this work the position variance of the PSF was taken 

into account by decomposing the image into different regions, assuming the PSF to be 

position invariant within each region. According to Teo et al (2007) the FWHM of the 

experimental PSF has to be within 1 mm of the true value. That justifies the 

decomposition into regions in which the FWHM do not vary more than ± 1mm. The 

PSF measurements were performed using a clinical protocol (2D-OSEM with 5 mm 

Gaussian smoothing filter), rather than using the NEMA NU 2 protocol (NEMA 2001). 

While NEMA protocol gives the best achievable system spatial resolution, the PSF 

measurements in this work are more clinically relevant from the PVC point of view. 

The variation of the FWHM of the PSF agreed with the theoretical values described in 

Sánchez Crespo and Larsson (2006) and Sánchez Crespo et al (2004). The reason for 

the large uncertainties in the FWHM calculation is the large pixel size (~2 mm) used for 

the measurement. This was the smallest available pixel size on the PET/CT system used 

in this study. A more precise measurement of the PSF at different positions in the FOV 

should be performed to reduce these uncertainties, e.g. by repeating the measurement 

many times. 
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Deconvolution is one of the many different methods proposed to correct for PVE. 

However, as shown in Figure 16, one of the major problems with deconvolution is the 

noise amplification through the iterations. In this work, noise amplification has been 

controlled by using different filtering techniques. A noise reduction of around 50% was 

achieved after 10 iterations of the PVC algorithm with the noise reduction filter as 

compared to the PVC algorithm without the noise reduction filters. Furthermore, as 

Figure 10 shows, the performance of the PVC algorithm is limited when high levels of 

noise are present in the original image. Hence, to improve the PVC performance, the 

noise in the original PET data should be as low as possible. One possible approach 

would be to use longer acquisition times. However, because a clinical PET/CT 

examination is already a lengthy procedure this is hardly a feasible option. On the other 

hand, the noise in PET imaging is not only due to the Poisson statistics of radioactive 

decay but also the effect of random coincidence and scattered radiation; improving the 

randoms and scatter corrections would therefore also reduce the noise. This can clearly 

be seen in the large (compared to the system PSF) cold sphere in Figure 12 where no 

PVE should be present at the center but as a result of the poorly corrected scatter and 

random events, the pixel values are not zero. Also the number of iterations in the Van 

Cittert's algorithm has to be optimized in regard to noise amplification and convergence. 

In this work, 10 iterations have been found to give a good trade off between 

convergence and noise amplification. Finally, attention must be paid to the size of the 

filters because a large filter size could not be suitable for image regions where there are 

sharp transitions in pixel values. Furthermore, large median filters tend to remove small 

objects in the image. In this work a combination of a 5×5 pixel size adaptive smoothing 

filter and a 3×3 pixel size median filter gave the best results. The qualitative evaluation 

of the PVC algorithm, using the Hoffman phantom, demonstrates the improved 

sharpness and recovery of activity in small structures after PVC. It also indicates the 

influence of noise on the performance of the algorithm. Even if the total intensity 

increase in the hot compartment was the same for all noise levels, the high noise PVC 

images are less appealing to the eye; furthermore the risk for false positive findings is 

increased because of the increased noise level. 
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When calculating the recovery coefficients the use of different ROI definitions will 

affect the result. In this work an 80% of the maximum threshold was used to define the 

ROI. This makes the RC calculation insensitive to pixel shifts but more sensitive to 

noise since one single pixel value (the maximum pixel in the hot object) is used in the 

definition of the ROI. Teo et al (2007) investigated the influence of different ROI 

definitions and concluded that the 80% of maximum threshold was the optimum setting. 

An alternative approach, not tested here, would be to use a threshold based on the 

background level, e.g. two standard deviations above background. 

 

Despite the noise reduction methods the performance of the PVC is still limited by the 

presence of background activity. This can be seen in Table 1 where there are small 

significant differences in recovery coefficient before and after PVC for 24% and 54% 

background levels independently of the sphere size. In the same manner, as Figure 14 

shows, there is no significant contrast improvement after PVC for the 54% background 

level case and only a slight improvement for the 24% background level.  Comparing 

Figures 13 and 18, only a negligible variation on RC between 14% and 35% 

background level was found whereas a large RC variation was found between 24% and 

54% background level. When applying the PVC algorithm on a clinical image a clear 

improvement in activity recovery was seen in small uptake regions, giving a doubled 

SUV-value for the smallest tumor. When comparing the two small tumors in the lung, it 

seems that the background level is affecting the PVC, giving larger increase when the 

object to background ratio is larger. Since the true activity concentration is not known in 

the patient study, it is not possible to determine the performance of the PVC algorithm 

in absolute numbers. It is clear that the best PVC performance is achieved with no 

background at all. Teo et al (2007) also observed a deterioration of the performance of 

their PVC algorithm in the presence of background and explained it with a slower 

convergence of the Van Cittert's deconvolution algorithm. In Teo et al (2007), however 

only one background level was tested (20%). 

 

PVE is unarguably a three-dimensional phenomenon and a correction for it should 

preferably be performed in three dimensions, e.g. in our case by a three-dimensional 

deconvolution algorithm. In this work however, due to the substantial increase in 
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computational burden and the increase in ringing artifacts when extending the Van 

Cittert's algorithm into three dimensions, the PVC is merely applied in 2D, thus not 

correcting for the spill over between adjacent slices. This can explain the lack of full 

activity recovery after PVC shown in Figure 13. 

 

The fact that the PVC presented in this work does not make use of the co-registered 

anatomical information from the CT images is a weakness. Since the combined PET/CT 

camera provides functional and anatomical images simultaneously, the conformity of 

the images should be better than in previous attempts to use anatomical information 

from separate MR or CT systems. One method to include the anatomical information, 

which was considered in the beginning of this project, is the wavelet based image fusion 

proposed by Boussion et al (2006). The problem with this method is the assumption of 

positively correlated pixel values between the anatomical and the functional image. This 

assumption can result in introduction of false objects in the functional image since the 

PET and CT images represents completely different information, one describes the 

function (i.e. metabolism in the case of FDG studies) and the other the anatomy. An 

approach not tested in this project is the possibility to use the anatomical information as 

a regularizing constraint in the Van Cittert's algorithm. The CT images could be 

segmented into different organs and the activity distribution in the PET images should 

then be constrained to be within the borders of the organs. A potential problem is that 

the CT images is acquired in approximately 10 seconds with the patient holding her 

breath while the PET acquisition takes several minutes, thus introducing a blur due to 

breathing motions and therefore the images may not conform exactly. Also the risk for 

gross patient movement is larger in the PET acquisition due to the longer acquisition 

time. 

 

In some of the PVC corrected images presented in this thesis, the algorithm introduces 

geometrical distortions. This is particularly evident in the images of the NEMA-

phantom where the spheres become distorted. The reason for this is probably 

amplification of small distortions in the original image, caused by noise, when 

deconvolving. It could also, in part, be caused by the resampling algorithm (bicubic 

spline) used before deconvolution. Other resampling algorithms should be tested to 
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investigate the influence on the PVC, and to optimize the performance of the PVC 

algorithm. 

5 CONCLUSIONS 

A novel iterative partial volume correction method for PET/CT, based on deconvolution 

has been developed. The algorithm was tested with phantom measurements and on 

clinical images. The results show that the activity recovery is significantly improved 

when no background activity is present, especially for small objects, without producing 

excessive amount of ringing artifacts. However, the quantitative performance of the 

algorithm is impaired by both the presence of background activity and high noise. 

Qualitatively the PVC algorithm yielded sharper images, although the quality 

improvement was reduced as the noise level was increased.  The proposed noise 

suppression method based on median and adaptive smoothing filters, yielded a good 

reduction in image noise amplification. However, in order to make the correction 

clinically useful, and the algorithm should be extended to work in 3D. In addition some 

kind of regularization of the deconvolution algorithm should be developed, preferably 

using the co-registered CT-information. 
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