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1. Introduction and Objectives 

1.1) Background 
Positron Emission Tomography (PET) is a non-invasive tomographic tech-
nique based on the principle of annihilation coincidence detection (ACD) 
[1], whose potential was recognized in the early 1950s [2-3]. The develop-
ment of this technique and its excellent potential as a non-invasive tomo-
graphic tool used for generating images, which reveal functional or bio-
chemical expression, occurred in the mid 1970s [1,4]. 

Today, PET is known as an sophisticated technique based on tracing of 
molecules labelled with positron-emitting radionuclides to image metabo-
lism, physiology and functionality in vivo, in organs and tissues. This tech-
nique has increasingly proven to have an important role as a diagnostic tool; 
it can provide early diagnosis in several neurological disorders and contrib-
ute to both medical research and drug development [5]. 

Dynamic PET images can be used directly or after kinetic modelling to 
extract quantitative values of a desired physiological, biochemical or phar-
macological entity. However these images are inherently noisy due to limita-
tions of the amount of the administered tracers that are usually short-lived 
labelled radionuclides, technical limitations, applied corrections and recon-
struction algorithm used.  

High magnitude of noise, correlation between the images’ elements in 
conjunction with the high level of non-specific binding to the target and a 
sometimes small difference in target expression between pathological and 
healthy regions are factors that make the analysis of PET data difficult. This 
means that the individual images are not optimal for the analysis and visuali-
zation of anatomy and pathology. Therefore, it is important to understand 
how these factors affect the derived quantitative values.

There are different types of methods used for analysis of the dynamic 
PET images such as summation, which generates “sum images”, kinetic 
modelling methods, which generate “parametric images”, such as Patlak or 
reference Patlak [6-7], Logan plots [8], compartment modelling or extraction 
of components, such as in factor analysis or spectral analysis [9], and other 
alternatives such as population approaches [10].  

Summation is utilized aiming at noise reduction and quantitative estima-
tion in dynamic PET images; however, this method tends to reduce the con-
trast and discrimination between pathological and healthy regions. Summa-
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tion over the whole sequence tends to accentuate the early images, which 
typically depend more on flow than binding. Late summations tend to be 
noisy because of the limited number of counts due to radioactive decay. 
Therefore, a good knowledge about kinetic behavior of the administered 
tracer in different regions in the human body or brain is required. This is 
necessary in order to sum the images through appropriate frames in the se-
quence, in which the specific signal is proportionally larger to be capable of 
generating proper results using this technique.  

The other techniques mentioned are adequate techniques but the gener-
ated parametric images usually suffer from poor quality and a non-optimized 
signal to noise ratio (SNR). This is because these techniques do not consider 
any SNR optimization during the extraction of physiological parameters 
from input images. Furthermore, if the utilized images (dynamic PET im-
ages) are noisy or if there is no accurate or confident reference region, model 
parameters are difficult to estimate. There are often too many parameters and 
variables that need to be correctly considered to obtain proper results when 
applying these techniques. 

Dynamic PET images can also be analyzed utilizing different multivari-
ate, statistical techniques such as Principal Component Analysis (PCA), 
which is one of the most commonly used tools [11-18]. PCA can provide 
various types of information by discriminating and visualizing regions with 
different type of kinetics in different principal components. The presence of 
variable noise levels in the different PET images may dramatically affect the 
subsequent multivariate analysis unless properly handled [13] otherwise 
PCA will emphasize noise and not the regions with different kinetics.  

1.2) Aim of the Project 
The aim of this work was to develop methods that without modelling as-
sumption can detect and illustrate significant changes in the regional tracer 
kinetics. PCA was initiated in order to generate images that contain more 
detailed anatomical information with higher quality, accuracy and precision. 
The vision was to improve the clinical diagnosis of the PET studies on hu-
mans when using new tracers or when employing existing tracers in new 
clinical applications.

To reach the goals of this work, first, noise properties such as magnitude 
and correlation in PET images reconstructed either analytically or iteratively 
with emphasis on correlation were studied. Both magnitude and correlation 
significantly affect the performance of the analytical and multivariate meth-
ods such as PCA.
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1.3) Structure of the thesis 
In this work, four novel methods were introduced and implemented on im-
ages generated from different PET studies. These were a novel method for 
exploring the properties of the noise in PET images with emphasis in corre-
lation and three other methods based on more accurate approaches for appli-
cation of PCA on dynamic human PET studies. These three methods were 
implemented on dynamic PET images/data in both image domain and sino-
gram domain aiming to improve image quality, which might subsequently 
lead to improvement of clinical diagnosis.  

Chapter 2 presents a brief theoretical, introductory review for the reader 
to comprehend the goals, main contributions and findings in this work. 
Chapter 3, describes in more depth the proposed methodologies and contri-
butions of this work, which have been included as articles. Chapter 4 gives 
information about and discusses experimental aspects of the outcomes and 
findings, and is followed by conclusions and perspectives for future works 
for further improvement of image quality and diagnosis in the PET field. The 
reader is referred to the enclosed papers for more in-detail descriptions of the 
new methods, which are proposed and implemented in this thesis. 
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2. Background 

2.1) Neuro-Imaging Modalities 
Neuro-imaging and brain imaging are two phrases used, which covers all 
possible techniques used to obtain two types of information from studies 
applied on the human nervous system.  These types of complementary in-
formation represent “structural” and “functional” aspects of the brain. The 
structural information, anatomy, mainly concerns diagnosis of intracranial 
disease or injury. The physiological and functional information of the human 
brain mainly concerns diagnosis of neurological and cognitive disorders.  

Magnetic Resonance Imaging (MRI) and Computed Tomography (CT) 
are brain imaging modalities that provide images with different aspects of 
anatomical information. Functional Magnetic Resonance Imaging (fMRI), 
Single Photon Emission Computed Tomography (SPECT) and PET are mo-
dalities that generate sets of images used to explore and depict physiological 
and functional information; moreover, they generate some anatomical infor-
mation.

Image registration or fusion [19] is a method that has been used for many 
years aiming to combine both structural and functional information obtained 
from different imaging modalities such as MRI and PET or CT and PET. To 
perform fusion automatically, a Computerized Brain Atlas [20-21] has been 
developed. PET/CT is a newly introduced technique that merges two differ-
ent modalities into one device, generating images that depict both anatomical 
and physiological information of the brain.  

The following sections briefly describe each of the mentioned neuro-imaging 
modalities that are based on tomographic techniques, with emphasis on PET 
since images generated by this technique are the main material used in this 
thesis.

2.1.1) Computed Tomography  
CT also denoted Computed Assisted Tomography (CAT) or Computerized 
Axial Tomography (CAT), was introduced by Hounsfield in 1971 [22]. CT 
is a technique, which uses X-rays to render visible thin slices through any 
section of human body without interference from other regions [23-24]. This 
modality provides a set of contiguous images containing anatomical infor-
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mation represented as two dimensional (2D) cross sections of three dimen-
sional (3D) objects. 

The primary data are commonly acquired from multiple angles by spin-
ning the tube and detector system (X-ray source and a block of detectors that 
is positioned on the opposite side of the source) around the patient. Many 
data scans are progressively taken as the patient is gradually passed through 
the gantry. This type of scanning mode is termed Spiral CT or Helical CT. 
Velocity of bed translation, rate of rotation of the tube detector system, and 
mA and kV of the x-ray tube can be set differently, generating images with 
different qualities.

In CT, the design of the detector array as 2D or 3D allows different 
modes of X-ray recording, of which cone-beam and fan-beam are the most 
common [25].  

In early days, acquired CT data were reconstructed iteratively using dif-
ferent types of techniques such as Multiplicative Algebraic Reconstruction 
Technique (ART or MART), Simultaneous Iterative Reconstruction Tech-
nique (SIRT) and Iterative Reconstruction Technique (ILST) [26]. Today, 
CT data conventionally are reconstructed analytically using filtered backpro-
jection (FBP) [27-29].  

CT has an advantage compared to the other neuro-imaging techniques, 
namely the low structural noise magnitude in the images. This capability of 
low noise and efficient dose utilization has allowed this technique to visual-
ize low-contrast objects [30]. Modern CT tomographs have the ability to 
apply an online dose regulation function called “Care Dose” while preserv-
ing image quality and noise magnitude. Care dose is based on an automated 
reduction of the intensity of the X-ray tube current at the angular positions at 
which the patient diameter is smallest [31-34].  
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Figure 2.1. CT scanner, GE/LightSpeed VCT (URL: http//www.ge.com)

CT is a fast and widely used tomographic technique, but it is sometimes 
difficult to differentiate pathological and healthy structures in the generated 
images and images contain low contrast especially in human brain. To gen-
erate images with improved contrast between pathological and healthy or-
gans or tissues, contrast enhancement medium can be used, which is admin-
istered intravenously into the patient prior to the scanning procedure. Pres-
ence of statistical noise in the images caused by limited photon counts, 
hardware, applied corrections, scan time, slice width, applied reconstruction 
algorithm and correlation of noise disturbs the integrity of the images. Fig. 
2.2 illustrates a conventional CT study of the human brain. 

Figure 2.2. Images obtained from a CT study of human brain, showing from left to 
right, coronal, transaxial and sagittal views of a CT volume. 
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2.1.2) Magnetic Resonance Imaging 
Nuclear Magnetic Resonance (NMR) also called Magnetic Resonance (MR) 
was introduced in 1946 by Pucell et al. [35] and Bloch et al. [36]. Late, in 
1971, Damadian [37] suggested that it could be used to detect tumours, and 
in 1973, Lautherbur [38] demonstrated such detection for the first time. After 
the introduction of Fourier Transform image reconstruction by Kumar et al. 
[39] in 1975, it became possible to generate images utilizing this technique 
and in 1977, the first whole-body MR image was published. 

MRI is based on the relaxation properties of excited hydrogen nuclei (sin-
gle protons) in the human body (here, brain), which generate signals used to 
produce images with high structural definition of the human brain. 

 Protons in hydrogen spin around an axis generating a small magnetic 
field, so-called magnetization. Under normal conditions the spin axes are 
oriented randomly so that their magnetic fields tend to cancel out each other. 
However, when the patient is positioned in the tomograph, in a powerful 
stationary magnetic field, a small fraction of these spinning protons line up 
either in parallel or anti-parallel direction compared to the direction of the 
external magnetic field (B0). When this alignment occurs the protons spin at 
a frequency called Larmor frequency, which lies in the radio frequency 
range. During this process, protons are found in two slightly different energy 
states; E1 is the lower energy state where most protons are found and E2 is 
the higher energy state where anti-parallel aligned protons are found. When 
external radio frequency pulses are sent into the body, the protons are forced 
to rotate in phase with the radiofrequency and they attract extra energy and 
jump to a higher state (excitement). A simultaneous external orthogonal 
magnetic field ensures that only a band of protons in the body is excited, 
where the radiofrequency and magnetic field strength match. When the 
stimulation by radio frequency pulses is turned off, the protons return to their 
normal state and original orientation of their magnetic field (relaxation) and 
while doing so, their acquired energy is emitted as a weak radio-signal. An-
other external orthogonal magnetic field applied during the emission, sepa-
rates the emitted radiofrequency according to position in the body and hence 
an overall analysis of radiofrequency and intensity allows generation of a 
cross sectional image. 

Proton density is different in various tissues of the body and generates 
different signal intensities during the relaxation. Large MRI signal intensities 
produce bright areas in the final image and small intensities produce dark 
areas. The time for relaxation is the factor controlling the outcome of the 
MRI procedure, generating images with different contrast. T1-weighted im-
ages in which fat and watery substances appear dark are generated applying 
short relaxation time between excitements and they are used to differentiate 
between white and grey matter of the brain. T2-weighted images in which 
watery and diseased tissues are bright are generated applying longer time 
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between excitements and are used for investigation of diseased parts of the 
brain. In most investigations, both T1- and T2-weighted images are gener-
ated.

Figure 2.3. MRI scanner, GE/Horizon LX 1.5T Echospeed. (URL: 
http//www.ge.com)

One of the limitations of the MRI technique is that it provides little informa-
tion about functionality of the brain. Therefore fMRI was introduced in 1992 
[40-41], which is based on the use of MRI technique to measure changes in 
blood flow related to neural activity in the brain, ie. mapping the functional-
ity of different parts of the human brain. Fig. 2.4 illustrates a conventional 
MRI study of the human brain. 

Figure 2.4. T1-weighted images obtained from a MRI study of human brain, show-
ing from left to right, coronal, transaxial and sagittal view of an MRI volume. 

One of the advantages utilizing MRI or fMRI compared to other neuro-
imaging techniques is that using this technique avoids radiation exposure to 
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the patient. However, it is an elaborate technique because a diversity of fac-
tors (from different sources) can affect the outcome of the examination. 
There are other disturbing factors such as artefacts in the images caused by 
hardware and motion artefacts, which in turn cause blurring of the entire 
image. Furthermore, still other disturbing factors occur, such as noise in 
images caused by thermal noise in the patient, from the electronics and from 
the radio frequency coils.  

2.1.3) Single Photon Emission Computed Tomography 
SPECT or Single Photon Emission Tomography (SPET) was attempted by 
Budinger et al. [42] in 1975 by rotating a patient sitting in a chair in front of 
a stationary gamma camera. The acquired projection data were reconstructed 
using different approaches, described by Kuhl et al. [43] in 1963. Different 
generations of gamma tomographs were developed in which the patient was 
stationary and a single- [44-45], dual- [46] or triple-headed [47] scintillation 
camera was rotating around the patient. 

SPECT is a nuclear medicine imaging technique used to image physiol-
ogy in organs and tissues, based on single photon counting or detection of 
individual photons, which are emitted randomly by readily available gamma-
emitting radiopharmaceuticals. SPECT has the potential of providing func-
tional or biochemical information by measuring distribution and kinetics of 
radiolabelled molecules. Gamma-emitting radiopharmaceuticals utilized in 
SPECT are mostly long-lived, which allows this technique to be used for 
variety of longer lasting functions for instance in human brain. 

The procedure begins with an intravenous administration of tracer into the 
patient followed by positioning the patient into a calibrated gamma camera. 
Projection data are acquired from different directions/angles from different 
views and pre-defined time views (stepping) covering 360 degrees around 
the patient.

The procedure continues with performing a transmission scan on the pa-
tient, who is positioned in the tomograph, using a CT module installed in the 
gamma camera or an external radionuclide source. These transmission data 
are used to perform attenuation correction in the reconstruction. The ac-
quired projections are reconstructed either analytically by FBP or iteratively 
by Ordered Subset Expectation Maximization (OSEM) [48] with an applied 
low pass filter, such as a Hanning filter. Different types of corrections such 
as decay correction, attenuation correction and 3D filtering are included in 
the reconstruction algorithm. Fig. 2.6 illustrates a conventional SPECT study 
of a human brain. 
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Figure 2.5. SPECT scanner, GE/Millennium VG with Hawkeye. (URL: 
http://www.ge.com)

Statistical noise (uncertainty in counting photons) is included in the sampled 
projections since radioactive decay is a random process and the number of 
detected counts in two different measurements is not the same. The relative 
contribution of noise in the final images is related, not only to the number of 
detected counts but also to different corrections and aspects of the recon-
struction algorithm [49].  

Figure 2.6. Images obtained from a SPECT study of human brain, showing from left 
to right, coronal, transaxial and sagittal view of a SPECT volume.  

Other drawbacks utilizing SPECT are long scanning time, highly smoothed 
images (high correlation between the pixels in the images) caused by recon-
struction methods and 3D filtering as well as poor camera resolution.
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2.1.4) Positron Emission Tomography 
2.1.4.1) History   
The use of positron emitter radionuclides for tumour detection was recog-
nized in the early 1950s [2-3]. The first attempt of a scanning procedure on 
human brain, which was called “unbalanced scan”, was performed by posi-
tioning the patient between two detectors. Data acquisition was based on 
detection of coincidences with mechanical motions of the detectors in two 
dimensions (2Ds) called “single coincidence system” and the results were 
printed as a 2D image of the positron source. The need for a scanner with 
increased sensitivity of coincident detection was obvious and led to the de-
velopment of a multiple detector scanner called “Hybrid Scanner” [50].  

Development of the technique accelerated due to the invention of filtered 
backprojection reconstruction in the late 1960s and during 1970s leading to 
faster development and refining of the PET devices such as MGH or PC-I 
and PC-II [51-52]. Data were acquired using single plane translate-rotate 
systems, i.e., two rotating and translating banks of detectors with interpola-
tive motion of the detectors for improvement of sampling of coincidences. 
These devices were able to generate 2D images of planes parallel to the de-
tector within the 3D object.

Positron-Emission Transaxial Tomograph (PETT) was introduced in 1975 
[1,4] and became the starting point of the modern “PET” technology. A hex-
agonal array of detectors was placed around the brain in the tomograph. Data 
acquisition was based on detection of only those coincidences that were de-
tected in directly opposing pair of detectors. The use of ring systems or cy-
lindrical arrays of detectors instead of hexagonal was another step in the 
development of this technique [53-54] leading to construction of new tomo-
graphs using ring detectors [55-57] and whole body tomographs such as PET 
III [58]. Development continued with emphasis on improved detection sys-
tems and use of smaller detectors to improve the resolution of the camera. 
This led to construction of high resolution tomographs using multiple small 
detectors coded and identified by a smaller number of position-sensitive 
photomultiplier tubes [59-63]. 

2.1.4.2) Principles  
PET is based on the principle of ACD [1] implying detection of simultane-
ous emission of two photons in opposite directions. It can quantify adminis-
tered radionuclide concentration throughout an imaged cross section [64]. 
Administered radionuclide (either by injection or inhalation) decays by posi-
tron emission implying that a proton from the unstable nucleus is trans-
formed into a neutron )(n , a positively charged electron )(e and a neu-
trino )(  with the release of energy (Eq. 2.1.1).  

energyntrans.                            (2.1.1) 
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The emitted positron )( travels through surrounding matter (tissues) in a 
range of a few millimetres depending on its energy, which varies from 0-1.7 
MeV [65], and material of the surrounding matter until it has lost its energy 
in collisions with electrons of other atoms. After loss of the energy it annihi-
lates with an electron, yielding two photons with energy of 511 KeV each 
(annihilation photons) that leave the annihilation site in an antiparallel direc-
tion (Fig. 2.7).  

Figure 2.7. Schematic view of a coincidence channel. 15O decays to a stable nuclide 
15N by emitting a positron ( ) with a range of 2mm or less and a neutrino ( v ).

When these photons are detected within a short and predefined timing win-
dow (~10-12 ns, called true coincidence timing window) [66], by a pair of 
detectors positioned along a line called Line of Response (LOR), a “true” 
coincidence is registered. Interaction between the photon and the crystal 
generates light flashes, which are converted to electronic pulses that are re-
corded by the electronic device. During the time from interaction until re-
cording, detector(s) are paralyzed implying that during this short period of 
time the detector is not able to sense other photons, which is termed “dead-
time”. Dead-time limits the counting rate of the tomograph depending on the 
amount of activity in the Field of View (FOV) and applied acquisition mode. 

There are other types of coincidences that can be registered such as scat-
tered and random coincidences. Scattered coincidence is an event in which 
annihilation photons are not registered by detectors positioned along a line 
through the coincidence site but one or both of them have been scattered 
during its path through tissue. Random or accidental coincidence is an event 
in which two photons from two different annihilations are registered within 
the time window. Random coincidence rate is proportional to the square of 
the amount of radiotracer in the object (counting rate dependent) [67]. Ran-
dom coincidences limit the detection efficiency of the detectors at high 
amounts of radioactivity [68].  

All LORs, which are parallel at a definite angle through the object, form a 
single projection view that is stored as a single row in a so-called sinogram. 
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Projections obtained from all parallel LORs from different angles through 
the object are stored similarly but into different rows in the sinogram. Gen-
erated sinograms are referred to as raw data in PET, and are used for further 
processing and reconstruction. Detector systems in modern scanners consist 
of thousands of detectors which allow the system to store millions of LORs 
in sequences of sinograms. 

Generally, PET is a non-invasive technique based on tracing a molecule 
labelled with positron emitting radionuclide (radiotracer) to study physio-
logical and biochemical expressions in the human body.  In other words, 
PET has potential to generate images that reveal functional or biochemical 
expression based on measurements of distribution and kinetic behaviour of 
administered radiotracer in the human body. Therefore, PET is used as a 
diagnostic imaging modality that has progressively proved to have an impor-
tant role in drug development. It is capable of providing early diagnosis in 
several neurological disorders such as schizophrenia, Alzheimer’s disease 
(AD), other types of dementia, Parkinson, phobia, epilepsy and cancer using 
different types of radiotracers [69-73]. 

2.1.4.3) Tracer Principles  
A conventional PET study starts with radionuclide production. Radionu-
clides with short half-lives, (Table 2.1), generated using a cyclotron, are 
incorporated into the biological compound (radiotracer) using radiochemis-
try techniques. Utilizing radiotracers with short half-lives in PET results in a 
negligible radiation dose to the patient and an ability to perform repeated 
investigations with the same tracer or multi-tracer studies in the same pa-
tient. It is essential that the utilized tracer fulfils the “tracer principle”, imply-
ing that the tracer follows the same biological and physiological path as the 
substance that has been labelled [74]. 

     Isotope   energy (MeV)    range (mm) Half-life 

11C 0.96 1.1 20.3 min 

15O 1.70 2.5 2.03 min 

18F 0.64 0.6 109.8 min 

68Ga 1.90 2.9 68 min 

Table 2.1. Number of the most commonly used isotopes in clinical PET studies. 

2.1.4.4) Data Acquisition   
Prior to a conventional PET study, a daily scan, called blank scan is per-
formed with one [75] or three rotating rod source(s) [76] of a long-lived 
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positron emitter such as 68Ge /68Ga extended in an empty FOV (empty gan-
try). The acquired data indicate the performance of the detectors for detect-
ing coincidences. Data generated by the blank scan are used for performing 
detector normalization or calibration to correct for differential detector effi-
ciencies and geometric effects. This assures quality of the measurements for 
the scanner [77]. Data generated by blank scan are also included in the at-
tenuation correction procedure. 

Then the patient is placed on a translatable bed and is positioned in the 
centre of FOV without administration of radiotracer. A 2D (extended inter-
plane septa) [78] or 3D (retracted interplane septa) [79] data acquisition us-
ing rod source(s) of long-lived positron emitters is performed providing data 
used for attenuation correction. This procedure is termed transmission scan 
and its use in conjunction with the emission scan was first suggested by Kuhl 
et al. [80].  Both blank and transmission scans are performed in “window-
ing” mode, during which, only coincidences in the LOR(s) close to the point 
source(s) are measured. This decreases registered scattered coincidences 
[81].  

The transmission scan is followed by a subsequent emission scan, in 
which a specific tracer is administered either intravenously or by inhalation 
into the patient and either 2D or 3D acquisition mode is performed during 
specific and predefined time sequence(s).  

Conventional PET studies in humans are usually performed in either of 
two modes, providing different sets of data: whole body acquisition in which 
different sectors of the body are scanned sequentially, generating static sets 
of data and dynamic acquisition in which the same sector is scanned sequen-
tially at different time points or frames, generating dynamic data sets.  

In 2D acquisition mode the detection of coincidences is limited when in-
terplane septa(s) extend between the rings causing lower sampling density 
and lower count efficiency, and generating direct or parallel slices and cross 
slices. The number of generated sinograms for each time sequence (frame) is 
equal to two times the number of rings in the tomograph minus one. In con-
trast to 2D, sampling density in 3D mode in which interplane septa(s) are 
retracted is about 30 times higher when a full solid angle is allowed with 
FOV of 15 cm in the modern tomograph [65]. At the same time sensitivity to 
scattered coincidences rises up to 20 times leading to an increment of scatter 
fractions and allowing detection of scattered coincidences outside FOV [82].   

A transmission scan prior to the administration of radioactivity to the pa-
tient requires that the patient remains immobile during and in-between 
transmission and emission scan. This is necessary for an accurate match 
between data acquired in these two types of scans to perform accurate at-
tenuation, which is one the most important factors for generation of quantita-
tive PET images [83]. Since immobility during and in-between transmission 
and emission scan is not an easy task, an alternative approach is preferred in 
which the transmission scan is performed after the emission scan. This ap-
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proach is called post-injection transmission [84-85], and significantly in-
creases the patient comfort and allows for some tracers administration in 
another room before admittance to the scanner. A disadvantage utilizing 
post-injection transmission data is that it increases variability in attenuation 
correction factors due to the subsequent subtraction of extra emission counts 
[86]. 

2.1.4.5) Corrections
Different types of corrections need to be performed on the acquired PET 
data prior to the reconstruction procedure, including correction for differen-
tial detector efficiencies (normalization), random coincidence correction, 
dead-time correction, scatter correction and attenuation correction. 

Normalization is applied to correct for variations in coincidence detection 
by detectors and LOR efficiency to produce uniform images. In other words 
normalization is performed to equalize or make uniform (as good as possi-
ble) responses of the detectors to the number of incident radiation events in 
the FOV. Detector efficiency needs to be corrected because crystals posi-
tioned in the centre of the detector block have better efficiency than those at 
the edge of the block [87]. This can be done by performing a blank scan to 
register the number of LORs for each coincidence detector pair.  

Random coincidences cause blurriness and distorted measured intensity 
by adding a relatively uniform background a cross the reconstructed image 
[88]. One approach to perform random coincidence correction is using the 
delayed window method [89-90] to provide an estimation of the random 
coincidences during the delayed window. The measured random coinci-
dences using delayed window are subtracted from the total number of de-
tected coincidences for the detector pair. Another approach utilizes the single 
random coincidence rate for each detector to calculate the random coinci-
dence rate in each detector pair [91].  

Dead-time affects and limits the quantitative values, leading to underes-
timation of the measured radioactivity concentration especially at high count 
rates [92]. This produces structured noise (artefacts) in the raw data espe-
cially in transmission data, leading to additional noise in the reconstructed 
images. An experimental dead-time model is used for correction in which a 
dead time curve is calculated from a series of measurements done on a uni-
form phantom, starting with high radiotracer concentration down to low 
concentration until dead-time losses are negligible. 

Scattered radiation degrades image quality in the same way as random co-
incidences, leading to suppression of the contrast and blurry background. 
Scattered radiation correction in 2D modes is applied using one of the most 
implemented methods, convolution subtraction method (de-convolution al-
gorithm) [93]. In this method, the scatter contribution is corrected by per-
forming integral transformation of the projections. Since sensitivity to scat-
tered coincidences is significantly increased in 3D mode, correction for scat-
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tered coincidences is far more complicated compared with 2D. The scatter 
fraction (ratio of scatter to total) in 2D is estimated to be about 8 to 12% and 
about 40 to 50% in 3D mode [94]. Therefore there are many methods sug-
gested [95], for instance convolution subtraction methods [96], Monte-Carlo 
modelling methods [97-98], multiple energy window method [99], Gaussian 
fit methods [100-101], model-based scatter correction methods [102-103] 
and reconstruction-based method [104-105].  

Attenuation is one of the main factors affecting the measured counts in 
PET acquisition and it is therefore essential to use an adequate method for 
performing attenuation corrections. The necessity for attenuation correction 
was suggested and implemented by Ter-Pogossian et al. [4]. To perform 
attenuation correction, data from the blank scan are used together with the 
data from the transmission scan. These datasets contain noise caused by dif-
ferent factors as mentioned earlier and transmission data can contain nega-
tive and zero values caused by random coincidence subtraction. Therefore 
noise reduction methods are used such as space-invariant filter [106] or both 
blank and transmission scan procedures are performed with a windowing 
method applied. A so-called attenuation correction factor for each detector 
pair is calculated using Eq. 2.1.2. 

ij

ij
ij T

B
A                      (2.1.2)

   
Where ijA  is the attenuation factor for detector pairs i  and j  . ijB  and ijT
refer to the counts measured by detector pairs i  and j  in blank scan and 
transmission scan respectively. These factors are used to correct for attenua-
tions in the subsequent emission scans by using Eq. 2.1.3.

ijijcij AEE .)(                    (2.1.3)
    

Where ijE refers to the counts measured by detectors i  and j  in emission 
scan and cijE )( refers to corrected counts for the detector pair. Data obtained 
performing other approaches, such as post-injection transmission and simul-
taneous transmission/emission, can be used for attenuation correction.

In 3D mode the attenuation correction procedure is more complex partly 
because detectors near the source experience unacceptably long dead-time. 
This raises scatter coincidences considerably, which affects the quantitative 
value of the attenuation factors. One approach is to use 2D transmission data 
for correction of 3D emission data or to use much weaker point sources for 
performing transmission scans [107]. Another approach is to use a single 
photon emitter for attenuation correction, where a collimated source of pho-
tons with similar energy to annihilation photons is used [108]. 
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2.1.4.6) Image Reconstruction  
The corrected data are reconstructed either analytically (sometimes called 
Fourier-based), which is a linear operation or iteratively (sometimes called 
Non-Fourier-based), which is a non-linear operation [4]. The simplest and 
most widely used analytical reconstruction method for PET images is FBP. 
The back-projection technique was introduced in the early 1960s [109] based 
on reconstructing a two-dimensional distribution from its multiple projec-
tions by simply projecting back the projections to a common image plane. 
The problem with this method was that the generated image was blurry and 
it was not equal to the true imaged section. A new approach was proposed 
and implemented by Chesler [110] in 1972 to compensate for this problem, 
based on applying a correction function (convolution function) or filtering 
on the observed projections before performing back-projection.  

Today, the reconstruction procedure using FBP of 2D acquired PET data 
(corrected data) is based on transforming (1D Fourier transform) and con-
volving the angular projections with a ramp filter in the frequency domain, 
before back-projecting them to a common image plane using inverse Fourier 
transform. Using a ramp filter reduces the structured noise, but simultane-
ously magnifies the unstructured noise (random variations): therefore, a low-
pass filter such as a Hanning filter is used to compensate for this problem by 
damping frequencies higher than a certain limit. 

During 1970, MART [111], SIRT [112] and Maximum Likelihood (ML) 
[113-114] were the most frequently used iterative reconstruction methods on 
PET data until Maximum Likelihood Expectation Maximization (ML-EM) 
reconstruction was introduced by Shepp et al [115] in early 1980s.  

Iterative algorithms are based on an iterative maximization or minimiza-
tion of a target function depending on used algorithm. ML-EM begins by 
using an initial (guessed) image which is forward-projected into the projec-
tion domain. The generated projections from the initial image are compared 
with the measured projections and differences forms so-called multiplicative 
correction factors for all projections. These factors are then back-projected 
into the spatial domain (image domain) and are used to correct the initial 
image. Correction is performed by multiplying the correction factors by the 
initial image and dividing by “weighting terms” based on used system model 
[116], generating a new corrected image. This image is used as the initial 
image for further iterations (algorithm repetition) until a certain likelihood 
criterion is reached depending on the used method.  The main disadvantage 
of this algorithm is its low convergence rate and it is difficult to determine 
the number of iterations required for obtaining “the best result” because too 
many iterations amplify the noise in the image [117]. 

Today, a modified version of ML-EM, called OSEM algorithm [38] is 
mostly used to overcome the long processing time. In OSEM projections are 
grouped into a number of subsets in which projections are uniformly distrib-
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uted. Within each iteration the target function (likelihood maximization) is 
updated as many times as the number of subsets, proportionally accelerating 
convergence. Attenuation-weighted OSEM (AW-OSEM) [118-119] and 
Row-Action Maximum-likelihood Algorithm (RAMLA) [120] are two other 
iterative algorithms applied on PET data. 

Figure 2.8. PET scanner, GE/Advance Nxi (URL: http//www.ge.com)

Reconstruction of 3D acquired PET data is complicated due to the complex-
ity of the way data are acquired. 3D Re-Projection (3DRP) [121] is another 
approach based on restoration of the missing parts of the projections by nu-
merical forward projection from an initial estimated image which is formed 
by reconstructing (2D FBP) only direct planes. The most commonly used 
reconstruction approach is a method called FOurier REbining (FORE) [122] 
in which 3D data is rebinned or transformed to a 2D dataset followed by 
application of either 2D FBP or 2D OSEM reconstruction. Fig. 2.9 illustrates 
a conventional PET study of a human brain. 

Figure 2.9. Images obtained from a PET study of a human brain, showing from left 
to right, coronal, transaxial and sagittal view of a PET volume from an arbitrary 
chosen frame. 
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Analytical reconstructions are simple, easy to implement and fast techniques 
compared to iterative reconstructions, which are more complex, slow and 
computer intensive [123]. However, images reconstructed iteratively contain 
lower magnitude of noise and the procedure is performed without loss of 
spatial resolution compared with analytically reconstructed. Yet all itera-
tively reconstructed values will be positive because a non-negativity condi-
tion is imposed on the original data [117].  

2.1.4.7) Noise in PET  
Here, image noise is defined as statistical uncertainties or variations (errors) 
of the measured values of the image elements or pixels. In PET, noise is 
categorized into structured and unstructured noise. Structured noise or arte-
facts refers to non-random variations of counting rate caused by the detector 
and imaging system such as differential detector efficiencies. Unstructured, 
random or statistical noise is one of the most disturbing factors in PET im-
ages, and refers to random variations within the image caused by random 
statistical variation in counting rate (Poisson counting noise), modulated by 
applied corrections and the reconstruction algorithm. Statistical noise in PET 
images is non-stationary implying that noise properties such as correlation 
and magnitude depend on the position within the image [124]. 

In the following sections, sources of the noise in PET data followed by noise 
magnitude and correlation in reconstructed PET images are discussed. 

Sources of Noise in PET Data 
Here, we introduce and discuss briefly the main sources that contribute to 
noise in the acquired data prior to reconstruction. It is noticeable that the 
levels of contribution of these sources are increased when data are acquired 
in 3D acquisition mode due to retraction of the interplane septa(s) and in-
creased detected count rate and sensitivity. 

Poisson statistic noise. Since PET is based on annihilation coincidences and 
photon detection, and radioactive decay obeys Poisson statistics [125]; there-
fore, the number of counted photons is not similar in two measurements 
leading to the Poisson nature of the noise. Therefore the total number of 
detected counts N during a specific time sequence (frame) has an uncer-
tainty, a statistical and uncorrelated noise with a standard deviation, which 
for high values approaches N , according to Poisson statistics. 

Acquisition Mode. Statistical noise in 3D acquisition is much higher com-
pared with 2D due to absence of interplane septa(s), which increases the 
number of detected counts. However, the relative noise, /N might be lower, 
depending on the modes and degree of corrections. 
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Blank, Transmission and Emission scan. Counting rates in decreasing 
order of magnitude are blank (due to absence of object inside FOV), trans-
mission and emission scans, leading to contribution of statistical noise ac-
quired data in the same order. However, the relative noise has the highest 
contribution in the reverse order, with highest from the emission scan. 

Scan duration. Using longer sampling times leads to increased number of 
collected counts, which in turn leads to lower relative noise. 

Out of field counts. Activity outside the FOV contributes to false coinci-
dence such as random and scattered counts which leads to larger structured, 
unstructured and uncorrelated noise in the acquired data. The effect of the 
out of field counts is larger in 3D mode is much higher compared with 2D.  

Normalization. Despite utilization of a daily blank scan for calibration of 
the detectors and performed windowing function during data acquisition, 
there may be different detector efficiencies which contribute to structured 
noise in the acquired data. 

Random coincidences. Despite applied correction for random coincidence 
there exists uncertainty associated with the total number of detected random 
coincidences which cause additional statistical noise and negative or zero 
values in transmission data after randoms subtraction. Since a subtraction is 
included, the relative noise is increased. 

Dead-time. By using smaller and faster crystals in the rings of the tomo-
graph together with more rapid electronics it is possible to minimize the 
dead-time, but dead-time may still contribute to the unstructured noise in the 
acquired data. The loss of counts because of detector and electronic limita-
tions at high counting rates may increase the relative noise. 

Scatter radiation counts. Scattered radiation in the transmission scan leads 
to an overestimation of true counts in the order of 20-30% [126] and almost 
similar magnitude has been noticed in emission data [93]. Despite performed 
scatter correction to reduce the effect of the scatter radiation counts to the 
final results, residual contribution may degrade the contrast in the final im-
age.  Since scatter correction includes a subtraction, the relative noise in-
creases. 

Attenuation correction. It is essential to utilize an accurate method for per-
forming attenuation correction; otherwise, such correction results in an un-
derestimation of activity concentration especially centrally in the object. 
False or higher activity concentration may be observed in low-density tissues 
such as lung if attenuation correction is not properly performed.  In conven-
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tional attenuation correction methods in PET, attenuation factors are used for 
each one of the projections. Sometimes transmission data contain negative or 
zero values before division by blank data, which generates negative values 
among the correction factors and causes a division by zero problem. Since 
attenuation correction is large and multiplicative, noise from the attenuation 
data propagates into the image, and variations in attenuation corrections 
factors influence the magnitude of noise in the image, making it position 
dependent.

Noise Magnitude in Reconstructed Images 
Variation of the radioactive measurements follow a Poisson distribution and 
the noise in the acquired PET data (not corrected) are non-stationary but 
retain a Poisson nature. Due to pre-processing or data transformation of 
these data in order to correct PET data prior to reconstruction, the noise in a  
projection no longer follows the Poisson distribution. Sometime magnitudes 
of the noise are amplified in acquired projections by factors of ten or even 
hundred because of these corrections [127]. Noise magnitude and propaga-
tion in the reconstructed PET images is affected by the utilized tomograph, 
applied acquisition mode, scan duration, amount of administered tracer, ge-
ometry of tracer distribution, applied correction methods, radioactive decay 
and applied reconstruction algorithm.   

Utilized tomograph. New and modern high-resolution tomographs contain 
numerous detector rings separated by removable interplane septa(s), capable 
of performing 2D and 3D data acquisition and containing up to three rotating 
rod sources for transmission measurements. In some of these tomographs, 
the total number of detectors exceeds 18,000 generating 63 contiguous im-
age planes in the form of [128x128] matrices with an axial FOV of 155 mm 
[76].  The type of used detectors, detector geometry, performance of the 
recording systems, homogeneity of detector response and number of rotating 
rod sources affect the noise level in the resulting PET images.

Applied acquisition mode. As mentioned before, utilizing 3D mode reduces 
the relative contribution of statistical noise in acquired PET data due to 
higher sensitivity of the tomograph compared with 2D mode. However, re-
traction of the interplane septa(s) leads to an increment of the counting rates 
for the tomographs, which also causes significant increase in the dead-time 
losses, acceptance of the scattered photons and random coincidences, com-
pared with 2D acquisition mode. By applying accurate correction proce-
dures, these consequences can become insignificant and improved results 
can be accomplished [128]. It has been shown that in 3D images, noise mag-
nitude is higher near the centre of the FOV compared with 2D images, and 
elsewhere the relative noise profiles are relatively similar [129]. 
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With low activities, statistical noise in reconstructed images can be re-
duced by performing studies in 3D acquisition mode in which sensitivity is 
higher and the relative noise therefore becomes lower [129-131]. Thus, the 
use of 3D mode for performing PET studies on human brain has consider-
able advantages compared with 2D mode, where small structures and low 
contrast have to be visualized and quantified [132].  

Scan duration. Longer acquisition times are necessary in PET studies per-
formed using 2D data acquisition mode compared with 3D due to lower sen-
sitivity of the tomograph. Short acquisition times lead to increased magni-
tude of the relative noise in the reconstructed images.  

Amount of administered tracer. Low amount of administered tracer in-
creases magnitude of the relative noise in reconstructed PET images, espe-
cially in 2D images where sensitivity of the tomograph is lower compared 
with 3D. 

Geometry of tracer distribution. Association between noise and total pro-
jection counts indicates that the homogeneity of the tracer distribution is an 
important determining factor of the noise magnitude in the images [127]. 

Applied correction methods. Inaccurate correction procedures, which were 
mentioned before, cause additional noise in the reconstructed PET images 
and lowering of image quality. For instance in attenuation correction, statis-
tical noise is included in calculated correction factors, which increases noise 
magnitude in the reconstructed image [83]. 

Radioactive decay. Radioactive decay during a dynamic study with short-
lived radionuclides causes higher noise magnitude in reconstructed images 
generated in late frames, especially in 2D mode because of low counting 
rates.

Used reconstruction algorithm. Depending on the applied reconstruction 
algorithm, different levels of noise magnitude appear in the reconstructed 
image [133]. Images reconstructed using FBP may, depending on the applied 
reconstruction filter, contain higher magnitude of noise compared to images 
reconstructed using iterative algorithms; however, noise properties are far 
more complex in images reconstructed by iterative reconstruction algorithm 
compared with FBP [134]. Regions with different intensities tend to contain 
different magnitudes of noise in images reconstructed using iterative recon-
struction such as OSEM. In other words, low intensity regions of images 
reconstructed by OSEM tend to have lower noise or a local noise pattern. In 
contrast, images reconstructed by FBP tend to have a much more globally 
distributed noise pattern [123,135].  
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FBP provides a relatively uniform and intensity independent noise distri-
bution over the whole reconstructed image with low variation within the 
image even when signal intensity varies significantly from one region to 
another. In contrast OSEM provides an intensity dependent noise within the 
image with the noise magnitude being higher in regions with higher intensity 
compared to the regions with lower intensity [136]. 

The choice of reconstruction algorithm, number of iterations and type of 
convolution kernel (filter cut-off) used in the reconstruction algorithm sig-
nificantly affects the magnitude and correlation of noise [48,123]. Independ-
ent of the shape of the scanned object, the noise variance in the images re-
constructed by FBP gradually decreases from inside to outside of the object, 
whereas with OSEM, the noise decreases rapidly at the border of the object 
as shown in Fig. 2.10 and 2.11. 

Figure 2.10. 3D PET study on cylindrical NEMA phantom. Variance images recon-
structed using FBP (upper left) and OSEM (upper right). 1D horizontal profile 
through the variance image reconstructed using FBP (lower left) and OSEM (lower 
right).  
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Figure 2.11. Results of 3D PET study on elliptical Torso phantom. Variance image 
reconstructed using FBP (upper left) and OSEM (upper right). 1D horizontal profile 
through the variance image reconstructed using FBP (lower left) and OSEM (lower 
right). 

Noise Correlation in Reconstructed Images 
An essential aspect of PET is its ability to obtain quantitative values for re-
gions of interest (ROIs) within the images. These values by themselves can 
have diagnostic value, which can give insights into physiology of normal 
and diseased tissues or can give important information about drug distribu-
tion or interaction with target systems. To reduce noise in the images, the 
standard method for the quantitative estimates is to take averages over sev-
eral pixels within a ROI. This is an adequate method, but because of the 
correlation between the pixels, it is not trivial to assign a precision value to 
these averages.  

Noise correlation is detrimental to visual perception of lesion detection 
and it degrades an observer’s ability to detect cold spots in an image [136-
137]. Furthermore, inherent correlation caused by filtering limits the ability 
of extracting useful quantitative information from images [138]. 

It is known that there is no correlation between either statistical errors 
(noise) or true coincidences in PET detector data until different corrections 
are applied. One of the main sources causing correlation between the pixels 
(interpixel correlation) in the PET images is the filtering (ramp plus smooth-
ing) procedure performed during reconstruction [64,139]. Further correlation 
can be induced by interpolations during reconstruction or during manipula-
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tion of the image, such as correction for patient movement. Different degrees 
of filtering pre- or post-reconstruction lead to different appearance and cor-
relation of noise in the reconstructed images.

Correlation between the pixels within images affects the quality in PET 
images and also the potential to estimate precision in the quantitative meas-
urements. Image quality, in its simplest form characterized by pixel signal-
to-noise ratio, becomes an inadequate measurement when different types of 
noise correlation exist between the pixels within the images; therefore, noise 
correlation should not be ignored [137].  

Application of 3D acquisition mode for collecting data introduces axial 
correlation and degrades the spatial resolution in the reconstructed images. 
These are caused by performed filtering in the reconstruction algorithm es-
pecially in FBP and also retraction of the interplane septa(s), which increases 
crystal solid angles, and broadening the point spread function. Despite de-
grading of the spatial resolution in 3D acquired images, axial correlation in 
3D acquired images is similar to 2D, at matched axial resolution [129]. It is 
known that 3D PET images contain strong and complex correlation between 
the values in adjacent pixels compared with 2D images [140].  

Recording system [141] and type of applied reconstruction algorithm are 
two other sources causing correlation between the pixels in the PET images. 
FBP with lower filter cut-off frequencies creates images in which the noise 
is correlated over relatively long distance and iterative reconstruction 
method, such as ML-EM at lower iteration generated images in which the 
noise is correlated over shorter distance compared to FBP [123].  

The correlation is modelled as a function of distance in conjunction with 
relative orientation of the pixels, particularly those pixels that are positioned 
away from the centre or edge pixels [142-143].  

In Chapter 3, a new method is introduced and implemented based on using 
Auto-Correlation Function (ACF) to describe the correlation pattern of the 
noise in PET images acquired in 2D and 3D acquisition modes and recon-
structed using analytical and iterative algorithms. 

2.1.4.8) Signal to Noise Ratio 
The quality of an image is understood visually by the human observer as a 
qualitative interpretation of the image, whereas a quantitative assessment of 
image quality especially in medical imaging is expressed and measured by 
the SNR. In other words, SNR quantifies the description of the strength of 
the signals association to the quantity noise, which can be obtained from the 
observations in both sinogram and image domain. Here, we introduce some 
of definitions that have been used in the PET field. 

Definition I. SNR or NS / is a quantitative attempt to measure image qual-
ity in which signal S is defined as the total signal in an outlined ROI situated 
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on the object and noise N  is defined as the variance in a ROI situated in the 
background [13]. 

Definition II. SNR for a sinogram is equal to the square root of Noise 
Equivalent Counts (NECs) and is proportional to the image SNR at the cen-
tre of a uniform cylinder when the image is reconstructed using FBP[144].

Definition III. SNR or NS /  is the ratio of the average of the VOI values 
S  to the standard deviation of the VOI values across realizations N  [144]. 

Definition IV. SNR or NS /  is defined as the average pixel values S di-
vided by the standard deviation of pixel intensities N within the outlined 
ROI [124]. 

Definition V. NS /  is calculated pixel-wise in the frequency domain in 
which signal is defined as mean signal amplitude S  and noise is defined as 
standard deviation at a pixel N  [137]. 

Definition VI. NS /  represents a measure of image quality in which signal 
is defined as the sum of squared values of the pixels within an outlined ROI 
identifying the objects S . The noise is defined as the sum of squared values 
of the pixel deviation from the mean within an outlined ROI covering the 
same structure in the image N  [145]. 

Definition VII. SNR measurement can be calculated within the image in-
stead of within the ROI. NS /  image is obtained by dividing the mean im-
age by their respective standard deviation (SD) image [146]. 

Definition VI was utilized in this work to measure SNR in image domain 
based on calculating of both signal and noise within outlined ROIs. 

2.1.5) PET/CT  
Manual comparison by the observers or automated image co-registration or 
fusion [19] has been the ultimate method used for years in order to compare 
or combine images that contained both functional and structural information 
either obtained from different imaging modalities or from the same modality 
but from different time points. However, dual-modality PET/CT tomography 
combines two state-of-the-art imaging modalities: PET and CT. PET pro-
vides high sensitivity, functional and biomedical information whereas CT 
provides high quality structural images, which displays precise and detailed 
information about the shape, size and location of the structures [133,147-
149].  
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CT can usually not differentiate pathological structures from normal 
structures with the same sensitivity as PET, and PET has limited capacity to 
display exact size and location of the structures, especially in human whole 
body studies.  

Figure 2.12. PET/CT scanner, GE/Discovery ST. (URL: http://www.ge.com) 

The combined PET/CT scanner has proved to increase the diagnostic value 
compared to each modality used separately [150].The CT data substitute the 
transmission data, used for performing attenuation correction for PET and 
provide anatomical and structural information for the comparison and fusion 
to biomedical information provided by PET [151].  

PET/CT has been shown to have an important role in the clinical applica-
tion of whole body imaging in oncology such as tumour diagnosis, staging 
and follow-up because it is capable of performing human whole-body stud-
ies faster than PET alone. It has been shown that PET/CT is a more accurate 
technique than PET or CT alone for the depiction of malignancy [152]. Fig. 
2.13 illustrates a conventional PET/PET study of a human brain. 

Figure 2.13. Images obtained from a PET/CT study of human brain, showing a tu-
mour over the nasal cavity in coronal, transaxial and sagittal views of a CT volume. 
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The efficacy of using PET/CT for whole-body studies for detection of small 
lesions is often restricted by the high level of statistical noise in the images, 
likewise in PET images. Several studies have shown the possibility and ad-
vantages of using aligned anatomical information to reduce statistical noise 
in PET data [153-154]. In other words, noise reduction in PET images can be 
obtained by incorporating a priori image smoothness information from corre-
lated anatomical information during reconstruction of PET data [155].  

Similar to in PET, PET/CT data are usually reconstructed either analyti-
cally using FBP or iteratively by OSEM or other iterative methods with an 
applied low pass filter such as a Hanning filter; however, whole-body data 
are mostly reconstructed iteratively.  

2.2) Auto-Correlation Function 
Correlation is a technique used for measuring the similarity of one signal to 
another in signal processing. From the image analysis point of view, correla-
tion indicates similarity between the pixels in different time points or differ-
ent positions. ACF is described as a function often used to explore the simi-
larity between images or image parts [156] and is defined as the cross-
correlation function of an image, or part of an image, with itself. 

In this work, 2D ACF was used to investigate how adjacent or surround-
ing pixels affect the middle pixel within a single image such as a PET image 
(Fig. 2.11). The result or correlation pattern is illustrated as a 2D image used 
for further exploration. This method was used to study noise correlation 
within the image and to investigate the performance of the reconstruction 
algorithm used for reconstruction of PET data.  

The spatial equation is based on 2D cross-correlation of the matrix ija
with resolution of ji with itself ( ijb ) using the lags (time shifting) k and l
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where k  and l refer to lags of the function and  
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Fig. 2.14 illustrates application of 2D ACF on chosen part of an image. 
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Figure 2.14. Illustration of 2D ACF procedure based on 2D cross correlation of the 
masked area of the image with itself. Arrows refer to the directions of the steps 
needed to be taken from start point for the upper left image to perform the cross 
correlation with itself until end point is reached. 

2.3) Principal Component Analysis 
2.3.1) History 
Principal component analysis (PCA), was originally introduced as a method 
to find “lines and planes of closest fit to systems of points in the space” by 
Pearson in early 1900s [157].  It is known under several names such as Ho-
telling transform [158], the discrete Karhunen-Loéve expansion in the elec-
trical engineering field, eigen-vector transform in physical science and sin-
gular value decomposition (SVD) in numerical analysis [159]. 
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2.3.2) Definition 
PCA is a technique used to study the variance-covariance or correlation 
structure of a multivariate dataset to simplify and reduce dimensionality. 
This is done by calculating transformation vectors (PCs), which define the 
directions of maximum (largest) variance of the data in the multidimensional 
feature space [11]. Each PC is orthogonal to all the others in K-dimensional 
space; thus, the first PC (PC1) represents the linear transformation of the 
original variables which contains the largest variance and approximates the 
data in the least squares sense [159]. The second PC (PC2) is the combina-
tion that contains the remaining variance as much as possible, orthogonal to 
the previous one and so on.  

If input matrix pXXXXX ,...,,, 321  has variance-covariance matrix 

S with eigenvalues p,...,,, 321  and corresponding eigenvectors  

peeeee ,...,,, 321  where 0...321 p  and p corresponds

to the number of input columns in the matrix X . If pq then the thq  PC is 
generated by:  

pqpqqqq XeXeXeXeXeY ...332211       (2.3.1) 

The condition of 0),( iq YYCov  where qi  is required, meaning that 
the components are uncorrelated to each other. Principal components should 
explain the magnitude of variance in decreasing order. Practically if 80-90% 
of the total variance in a multivariate dataset can be accounted for by the 
first few principal components, corresponding to the largest eigenvalues of 
the covariance matrix, then the remaining components can often be rejected 
without much loss of information [160].   

Here, each element within the eigenvectors is utilized as weight-factors 
used for creating “PC images”. The term PC images refer to the term ‘Score 
images’ or “classification images” that have been introduced by Esbensen 
and Geladi [161]. These images are generated by projecting all observations 
onto PCs in K-dimensional space, to get new values along each PC or simply 
visualization of the PC vectors as images.  

2.3.3) Pre-processing 
Prior to application of PCA, input data are usually pre-processed or pre-
treated in order to transform the data into a more suitable form for analysis. 
There are two types of pre-processing procedures which need to be per-
formed prior to PCA; called “Scaling to unit variance” and “Mean-centring”.   

Scaling to unit variance is performed to rescale or compensate the size of 
the variance of the input variables. The reason is that input variables might 
have substantially different ranges and then PCA is guided by the variable 
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that has the largest range. Scaling is performed by measuring the standard 
deviation iSD for each one of the input variables iX  and dividing each 
element ijX of the variable by the corresponding iSD .  After scaling, the 
variance of each input variable is equal to one called “unit variance (UV)” or 
rescaled data. In other words, variables with the large variance are down-
weighted and those with small variance are up-weighted. Rescaling trans-
forms the dataset into a new set of data in which no variable dominates over 
the others in the dataset [160]. PCA is sensitive to scaling implying that by 
performing different types of modification or transformation of the variance 
of the input variable, it is possible to gain different important information 
about them. 

Mean-centring is the second pre-treatment method applied on the rescaled 
dataset to transform the rescaled data into a new dataset in which mean value 
of each variable is equal zero. Mean-centring is performed by measuring the 
mean iX  for each one of the input variables iX  and subtracting each ele-
ment

ijX of the variable by the corresponding iX . The “pre-treated” dataset is 
now used as input dataset for further application of PCA.  

2.3.4) Application in PET 
PCA is a well-known multivariate image analysis technique utilized in many 
disciplines within medical imaging. It is one of the most commonly used 
image analysis tools for transforming dynamic PET data into a new set of 
data in which the most relevant information is explained in a limited number 
of principal components. This is performed with the aim of dimension reduc-
tion, signal extraction and recently, improvement of image quality and noise 
removal [11-18,162-163].  

PCA is mostly applied on dynamic PET images in the image domain 
where dynamic PET data have been reconstructed either analytically by FBP 
or iteratively by OSEM. Another approach is to apply PCA on dynamic PET 
data (sinograms) which represent the set of projections generated by the 
tomograph (sinogram domain) to reduce computational cost and pre-
processing [164] or for quantification and temporal compression [165].

In this work, PCA is utilized as a technique that without model assump-
tions can generate images with a low level of noise while enhancing contrast, 
thereby optimizing the SNR.  

The following sections offer brief descriptions and introductions to three 
different approaches for application of PCA on either dynamic PET data or 
images. Greater in-depth descriptions and advantages vs. disadvantages of 
these approaches are discussed in the “proposed methodologies” section and 
in the enclosed papers at the end of this thesis. 
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2.3.4.1) Slice- or Sinogram-Wise application of PCA 
PCA is applied either Slice-Wise on dynamic PET images in the image do-
main [14-18] or Sinogram-Wise (SW-PCA) on dynamic PET data or sino-
grams in the sinogram domain [164-165]. Both approaches are based on 
application of PCA on input matrices where each column contains pixel 
values of either image or sinogram from the same scanned sector but from 
different frames. This procedure is performed sequentially on each one of 
the sectors within the scanned volume. One of the reasons for performing 
SW approach is technical limitations of the computer to handle large 
amounts of data. The number of output components is equal to the number 
input variables (frames), but usually only the first 2-3 are explored.  

In chapter 4, a new Slice-Wise approach for application of PCA (the term 
“SW-PCA” has been used for the first time in this work) on dynamic PET 
images of the human brain is introduced and implemented. 

2.3.4.2) Volume-Wise application of PCA 
In chapter 4, a new approach for application of PCA on either PET images or 
PET data is introduced called Volume-Wise application of PCA (VW-PCA). 
In contrast to the previous approach, PCA is applied VW on dynamic PET 
volumes either in the image domain or in the sinogram domain. Both ap-
proaches are based on application of PCA on input matrices where each col-
umn contains pixel values of the full image volume or sinogram volume 
from different frames. This approach forces the PCA to find the largest vari-
ance using the dataset from the whole scanned volume. The number of ob-
tained PCs is equal to the number of frames, but usually only the first 2-3 
contain relevant information. 

2.3.4.3) Masked Volume-Wise application of PCA 
In chapter 4, another novel approach for application of PCA on either PET 
images or PET data is introduced, which is called Masked Volume-Wise 
application of PCA (MVW-PCA). In contrast to the VW approach, PCA is 
only applied on masked dynamic PET volumes (pixels representing the main 
object under study such as brain), either in the image domain or in the sino-
gram domain. Performing this approach in either image or sinogram domain 
is based on application of PCA on input matrices where each column con-
tains pixel values from either masked image volume or masked sinogram 
volume from different frames. The reason for masking is to exclude back-
ground pixels values from the image volume or the sinogram volume. This 
approach forces the PCA to find the largest variance using the dataset from 
the masked part of the whole scanned volume. 
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2.4) Noise Pre-normalization 
As discussed earlier, independent of correction methods and reconstruction 
algorithm used, PET images contain errors, correlation in-between pixels. 
The impact of noise is further complicated by its variations over time and its 
variability within the image, both with respect to magnitude and correlation 
of noise between the pixels. These factors affect the performance of the PCA 
if input data (dynamic PET images or data) are not handled or pre-processed 
correctly. This means that if images are not pre-normalized for noise, PCA 
might emphasize the fluctuation of the noise instead of the important signals. 
If PCA is performed on dynamic PET images without applied noise-
normalization, the results may be almost identical (lower magnitude of noise 
because of scaling and mean-centring) to summation images over all frames 
but with poor discrimination between pathological and healthy regions. 

Several approaches of pre-processing of input data have been proposed 
and implemented on dynamic PET data [12,18,162]. These approaches are 
performed in the image domain to produce a new sequence of the images in 
which the variance of the noise become as stable as possible in-between the 
frames and at same time, to preserve the signal strength as much as possible. 
This allows PCA, which is sensitive to the type of scaling or transformation 
method used, to detect fluctuations of the signals through the time sequence 
and not be dominated by the noise variation.  

In the section “proposed methodologies” included in this work, several new 
noise pre-normalization methods are introduced and studied on either dy-
namic PET images in the image domain or dynamic PET data in the sino-
gram domain. These noise pre-normalization methods are implemented in 
order to improve the performance of the PCA for producing images contain-
ing low magnitude of the noise, enhanced contrast, improved discrimination 
between pathological and healthy regions, and optimized SNR. 
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3. Proposed Methodologies 

This section describes the proposed methodologies, contributions and find-
ings of this work, which have been enclosed as published articles or submit-
ted manuscripts. The reader is referred to the enclosed articles for more in-
depth descriptions.

3.1) Paper I
3.1.1) Background 
In this paper we explored the pattern of noise correlation using the ACF in 
experimental 2D and 3D PET images generated using an ECAT Exact HR+ 
tomograph and reconstructed by either FBP or OSEM with a 4 mm Hanning 
and a 6 mm Gaussian filter applied.  

The study was initiated based on the following assumption: in PET stud-
ies on asymmetric objects, the count rates in the different acquisition angles 
are dissimilar and therefore the relative magnitude of the noise is also differ-
ent. This would make it possible that the angular dependent noise, which 
propagates to the images during the image reconstruction, generates a noise 
correlation that is non-isotropic. We also assumed that the pattern of the 
noise may differ depending on reconstruction algorithm used since FBP and 
OSEM generate images with different noise properties.  

3.1.2) Material and methods 
PET experiments were performed on uniform phantoms, using symmetric, 
water-filled cylindrical Nema (20 cm in diameter, 20 cm long), asymmetric 
elliptical torso (30 cm long axis, 20 cm short axis) and satellite phantom 
(two adjacent 5 cm in diameters, 20 cm long water-filled cylinders posi-
tioned on opposite sides of the Nema phantom). The 3D data were rebinned 
to a 2D dataset using FORE algorithm followed by 2D reconstruction using 
either FBP or OSEM with 4 mm Hanning filter applied. 

 The results or correlation pattern was illustrated as a 2D image by ACF 
convolution. For further exploration 1D vertical and horizontal profiles 
through the ACF images were plotted to illustrate the profiles of noise corre-
lation. These images and profiles were used for illustration, exploration and 
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comparison of the correlation patterns and behaviours in the PET images 
obtained using different reconstruction algorithms and acquisition modes. 

The investigation was complemented by a simulation study of a cylindri-
cal phantom in which sinograms were calculated by forward projection and 
Poisson noise was added with dissimilar magnitude in different angles. 
These synthetic, noisy projections were then reconstructed using FBP with 
Hanning filter applied. 

3.1.3) Results and contributions 
Applying the auto-correlation function on the reconstructed PET images 
seems to be a good method for studying the correlation pattern within the 
PET images because it reveals differences between two of the most com-
monly used reconstruction methodologies in the PET field.  

ACF images from PET images reconstructed by FBP show that the corre-
lation pattern becomes asymmetrical when a study is performed on a non-
circular phantom, as illustrated in Fig. 3.1-3.2. This behaviour can be ex-
plained by the way noise is handled in the FBP algorithm where the noise 
reduction or amplification by the filtering is the same in all projections. 
Since the projection data contain variable noise levels, the back-projection 
then distributes different noise levels in different angular directions.  

On the other hand, the ACF images obtained from PET images recon-
structed using OSEM do not show such a tendency. The pattern of correla-
tion is isotropic independent of the shape of the studied phantom (Fig. 3.1-
3.2). This behavior can be explained by the way iterative techniques inher-
ently attempts to iterate to similar deviations for each angular projection, a 
process that tends to equalize noise for the different projections. 
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Figure 3.1. Results of the circular NEMA phantom study. 2D PET data recon-
structed using FBP with 6 mm (Full Width at Half Maximum (FWHM)) Gaussian 
filter applied (1), corresponding ACF image (3) and 1D horizontal and vertical pro-
files through the image (5).  Same data reconstructed using OSEM with 6 mm Gaus-
sian filter applied (2) and corresponding ACF image (4) followed by 1D horizontal 
and vertical profiles through the image (6). 



Pasha Razifar                                         37

Figure 3.2. Results of the elliptical torso phantom study. 2D PET data reconstructed 
using FBP with 6 mm (FWHM) Gaussian filter applied (1), corresponding ACF 
image (3) and 1D horizontal and vertical profiles through the image (5).  Same data 
reconstructed using OSEM with 6 mm Gaussian filter applied (2) and corresponding 
ACF image (4) followed by 1D horizontal and vertical profiles through the image 
(6). 

The study on synthetic images show that the asymmetric ACF is indeed a 
feature related to variable noise contributions in different angles. This study 
also demonstrates similar results when comparing co-variance calculated 
with the ACF concept and calculated using more conventional statistical 
methods such as covariance matrix as illustrated in Fig. 3.3.  
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Figure 3.3. 1D profile through the centre of ACF (dash dot curve) and covariance 
matrix (solid curve) from the study using synthetic images. 

This study shows that by applying ACF we can easily study the pattern of 
correlation within the images reconstructed using any type of reconstruction 
algorithm. We can study and explore how adjacent, surrounding pixels affect 
the middle pixel, and illustrate the result in a 2D image, which can be visu-
ally inspected and can be used for further exploration. Even artefacts in the 
images generated due to detector or electronics mismatch maybe easily ob-
served. Another advantage of applying ACF is that it is a fast technique, 
which can be applied on one or a small number of images. 

This method is only applicable on images without structural information, 
i.e., images obtained from uniform objects (phantom studies). Normally 
phantom studies are used for investigation of the accuracy and precision of a 
new reconstruction algorithm or performance of a tomograph. In the case of 
study on non-uniform phantoms it is possible to use ACF locally on different 
parts of the image.

Another contribution in this study is emphasis on the consequences of the 
non-isotropic correlation. Since noise correlation in FBP-ed images is angu-
lar and object dependent, it is important to consider the correlation pattern of 
the noise in input images when statistical approximations or measurements 
are performed. For instance, in the case of estimation of precision in an aver-
age over a ROI in a PET image, it is inadequate to define standard error of 
the mean which is based on assumption of statistically independent pixel 
values.
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3.2) Paper II 
3.2.1) Background 
In this study, we investigated the difference in correlation pattern of the 
noise applying ACF in 2D tomographical images generated by different 
medical imaging modalities such as PET, CT, SPECT and PET/CT, recon-
structed using either FBP or OSEM.

We assumed that different images contain different patterns of noise since 
the acquisition procedures are different in these types of modalities. Other 
assumptions were that noise correlation in PET/CT images would be similar 
to PET images since in PET the contribution of noise from emission scan 
would be dominant whereas the noise correlation pattern should be different 
in SPECT images. 

3.2.2) Material and methods 
Experiments were performed using the phantoms that we used in Paper I; 
symmetrical Nema and asymmetrical torso phantom. In PET and PET/CT 
studies, data were acquired in 2D acquisition mode and reconstructed by 
both FBP and OSEM. In the PET/CT studies, different magnitudes of X-ray 
exposure were employed by using different mA settings for the X-ray tube 
and the PET data were acquired in 2D mode followed by applied reconstruc-
tion procedure using either FBP or OSEM.  

In the CT studies, data were acquired using different slice thickness with 
and without applied dose reduction (care dose) function (reduction of the 
intensity of X-ray tube current at the angular positions at which the object’s 
diameter is smallest) and the images were reconstructed only by FBP since it 
is the most commonly used reconstruction method in this field. SPECT stud-
ies were performed in 2D, reconstructed using FBP and OSEM with 3D post 
filtering applied.  

ACF images were generated from the primary images, and profiles across 
the ACF images were used to describe the noise correlation in different di-
rections. The variance of noise across the images was visualised as 2D “vari-
ance images” followed by illustration of profiles across these images. 

3.2.3) Results and contributions 
One of the findings in this study is that the pattern of noise correlation is 
rotation symmetric or isotropic in PET images from a dedicated PET Camera 
or PET/CT when reconstructed using OSEM such as in PET images, inde-
pendent of object shape. A similar non-isotropic behaviour of noise correla-
tion is observed in both PET/CT and PET images when the shape of phan-
tom is not circular and images are reconstructed using FBP. The reason can 
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be explained by our prior assumption that noise properties from the emission 
part (PET) are dominant. 

A second finding is that noise in PET/CT images is identical independent 
of the applied X-ray exposure in the transmission part (CT) indicating that 
the noise from transmission with the doses applied does not propagate into 
the fused images, showing that the noise from the emission part is dominant. 
This is an important observation, which should be considered when perform-
ing PET studies. The result suggests that in human studies it might be possi-
ble to use a low dose in the CT transmission part while maintaining the noise 
behaviour and the quality of the images. This observation supports the out-
come of the study done by Kamel et al [166] evaluating the effect of lower-
ing the CT tube current in human PET/CT studies using analysis of variance 
(ANOVA) method [167]. The study suggests that a lower X-ray dose to the 
patient could be used without impairment of image quality.  

Similar isotropic and non-isotropic correlation pattern of the noise are ob-
served analysing CT images of the symmetrical and asymmetrical phantoms, 
generated using the CT device included in the PET/CT tomograph (Fig. 3.4).  
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Figure 3.4. Results of the circular Nema and elliptical Torso phantom study. CT 
data obtained from study on Nema phantom reconstructed using FBP, corresponding 
ACF image (3) and 1D horizontal and vertical profiles through the image (5).  CT 
data obtained from study on torso phantom reconstructed using FBP (2) and corre-
sponding ACF image (4) followed by 1D horizontal and vertical profiles through the 
image (6). 

CT images of asymmetric objects reconstructed using FBP show the same 
non-isotropic pattern independent of slice thickness as shown in Fig. 3.5. 
The results obtained from studies on CT images with care dose function 
applied shows slightly different noise correlation compared to those without 
care dose. Yet the noise correlation is not identical in the vertical and hori-
zontal direction, suggesting that the care dose could not fully equalise the 
relative noise in different directions. This non-isotropic behaviour depends 
on the way data are acquired in CT. The X-ray tube rotating around the ob-
ject emits X-rays, which are detected by detectors that are placed as a block 
on the opposite side of the tube. The number of photons detected is highly 
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dependent upon the thickness of the object, and the relative noise is hence 
larger in the horizontal direction where the object appears thicker. These 
differences in noise magnitude are, as indicated above, handled by the FBP 
algorithm such that a non-isotropic noise correlation is given in the images.  

Figure 3.5. Vertical (upper left) followed by horizontal profile (upper right) of the 
ACF on 2D images with 2-mm and 3-mm thickness from an elliptic phantom recon-
structed using FBP.  Vertical (lower left) and horizontal profile (lower right) through 
the ACF on 2D images with 2-mm and 3-mm thickness with care dose function 
applied,   reconstructed using FBP.  

Results obtained from the study on SPECT images show an almost isotropic 
correlation of the noise independent of object shape or applied reconstruc-
tion algorithm. This can be explained by the fact that the number of counts 
in different directions in the study on either circular or elliptical phantom is 
almost the same because of the way radioactivity is sensed and measured in 
SPECT. The detectors in the tomograph record predominantly superficial 
activity in the object and not as with PET activity along a path throughout 
the object. The number of counts becomes relatively similar at different an-
gles for a uniform elliptic phantom. 

An important consequence of the observations obtained from this study is 
that the effect of noise correlation for asymmetric objects in conjunction 
with variation of the noise across the image field significantly complicates 
the interpretation of statistical estimates. For instance, when estimating the 
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precision of measured average values derived using statistical parametric 
mapping methods and principal component analysis done on the data recon-
structed using FBP. Hence iterative reconstruction methods are preferred for 
such applications and estimations. However, for performing statistical analy-
sis, which depends on knowing the noise, FBP would be preferred since it is 
possible to calculate the noise analytically in images reconstructed by FBP, 
while it is not possible to do the same calculations in images reconstructed 
by iterative methods. 

3.3) Paper III
3.3.1) Background 
In this paper we explored the application of two well-established multivari-
ate image analysis tools, namely PCA and Independent Component Analysis 
(ICA), on dynamic PET images. We studied the performance of these two 
methods on PET images in which behaviour of the noise is relatively differ-
ent, compared with other medical imaging modalities such as CT, SPECT 
and fMRI. We explored these tools’ capability to extract signals from noise 
and improve the quality in these types of noisy images and thereby suggest 
one method to be used in clinical settings. 

3.3.2) Material and methods 
In this study simulated images were used containing correlated and uncorre-
lated Gaussian and Poisson distributed noise (Poisson distribution was re-
lated to the magnitude in each pixel). The study was performed on simulated 
images since the signal vs. noise behaviour could be controlled and qualita-
tive vs. quantitative results could be generated.  

Because of the great interest in the potential use of the amyloid binding 
tracer PIB, we decided to generate structures in the simulated images which 
followed the kinetic behaviour of PIB. Noise magnitude and behaviour in 
these simulated images also follow noise behaviour in a sequence of images 
in a PIB study [70]. The kinetic curves used in this study and a sequence of 
synthetic images are illustrated in Fig. 3.6 and 3.7. 
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Figure 3.6. Kinetic behaviour used for each one of the structures in the synthetic 
images and magnitude of noise. CBL, FRT, WHITE (or WhiteM), OCC (or Occip) 
are abbreviations of cerebellum, frontal cortex, white matter and occipital cortex. 

The reason for employing correlated noise in the simulation study was to 
explore whether the correlation of the noise affected the performance of 
these methods or not. Synthetic image sequences with different high noise 
magnitudes were studied to validate the performance of the suggested meth-
ods.

Because of presence of variable noise levels and correlation in the PET 
images, it is essential to explore and investigate different types of pre-
normalization (transformation) methods that need to be applied, prior to use 
of these tools. It is known that PCA is a reliable multivariate technique, but 
only if the input data are handled properly since PCA is “blind” and cannot 
separate variance due to signal from variance due to noise.  
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Figure 3.7. Synthetic images containing uncorrelated Gaussian distributed noise. 
The sequence should be seen along rows starting from upper left corner and ending 
in lower right. 

By applying pre-normalization, the input dataset is transformed to a new 
dataset where the variance of the values are more stable during the time se-
quence of the study and at the same time the signal strength is preserved as 
much as possible before applying PCA. Therefore four types of pre-
normalization methods were proposed and investigated on the input data 
prior to application of these two multivariate methods. We investigated 
whether the pre-normalization of the input data could damp the effects of the 
noise in the derived images and how it affected the performance of the ap-
plied method and the obtained results. 

The first pre-normalization is named “background noise pre-
normalization” and is performed according to the following equation, 

i

ij
ij s

x
X                                                  (3.3.1)

               
where ijX  refers to a new value of the pixel j  of image i  , ijx refers to the 

original value of the corresponding pixel and is refers to standard deviation 
of pixel values within the automatically outlined mask. The outlined mask 
used for applying this procedure is illustrated in Fig. 3.8. This method would 
normalize for different levels of noise if the noise magnitude was the same 
all over the image field. The reason for using this mask was to cover pixels 
containing the noise from different positions in the background within the 
image for better estimation of the standard deviation.  
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Figure 3.8. Background mask (black areas) indicating pixels used for determining 
background noise for pre-normalization. Corner pixels are not included in the mask 
because in PET images reconstructed using FBP, these pixels are usually set to zero. 

The second proposed method was based on dividing the value of each pixel 
j in a single image i  by the square root of the absolute value of the same 

pixel in the image. The assumption is based on the fact that the noise vari-
ance in each pixel is proportional to the value in this pixel.   

ij

ij
ij

x

x
X                                      (3.3.2) 

where ijX denotes the new value of the pixel after applied normalization. 
The third pre-normalization method is part of the concept in ICA. This 

method starts by centring the pixel values, ie., by setting the mean of the 
pixel values to zero followed by a scaling in which the variance of the pixel 
values is set to one. 
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where njX  refers to transformed image and jX  refers to original image j

as a vector containing the pixel values and jX  refers to the mean of the 

vector and N refers to the number of elements in the vector jX .
The fourth proposed pre-normalization method is based on the following 

steps:
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Removal of negative values: PET images reconstructed by FBP contain 
negative pixel values in random positions within the images, predominantly 
in areas with low radioactivity such as outside the object but also sometimes 
within the object.  These negative values are related to noise and hence inde-
pendent of the values in the same positions in other planes or frames. We 
attribute each one of the negative pixel values within the image as a pixel 
containing noise. We then treat each one of the negative pixel values inde-
pendently of other pixels by taking the absolute value of the pixel value di-
vided by the square root of the pixel value. Hence, each pixel j  in the single 
image i  that contained a negative value ijX obtains a new value,

)
)(

()(
ij

ij
newij

X

X
X                             (3.3.4) 

Background noise pre-normalization: This part is performed using Eq. 
3.3.1. 

Kinetic pre-normalization: Kinetic pre-normalization is based on dividing 
the value of each pixel j in a single image i  by the mean value ijx  of the 
pixels within a drawn ROI, masking the chosen reference region in each 
frame (Eq. 3.3.5). A reference region is defined as a region, where there is 
no specific tracer binding. In our synthetic study, the structure “CBL” was 
used as reference region. 

ijCBL

ij
newij x

X
X )(                    (3.3.5) 

Performing the kinetic pre-normalization would dampen the values of the 
pixels for regions that have the same kinetic behaviour as the reference and 
enhance pixels in areas deviating from the reference.  

The quality of the diagnostic images is measured by estimating the SNR 
for each one of the structures in the images generated using different multi-
variate methods without and with applied pre-normalization. This attempts 
to give a description of detectability of a signal depending on its magnitude 
and the magnitude of the noise. iSNR  (Eq. 3.3.6) for structure i  is measured 
in which signal iS  is defined as the sum of squared values of the pixels 
within an outlined ROI positioned on the structure identifying the objects. 
The noise iN  is defined as the sum of squared values of the pixels deviation 
from the mean within an outlined ROI covering the same structure in the 
image [145].  

i

i
i N

SSNR                                              (3.3.6)                 
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Outlined ROIs were positioned automatically on each one of the structures in 
images generated using either PCA or ICA with and without proposed nor-
malization applied. SNR values for these ROIs were measured and plotted 
and the results were compared with the mean image. 

3.3.3) Results and contributions 
The main contributions and findings in this paper are that PCA is a more 
stable technique compared with ICA and creates better results both qualita-
tively and quantitatively. PCA can extract the signals from the noise rather 
well and is not sensitive to magnitude, correlation and type of noise, when 
the input data are correctly handled by a proper pre-normalization. It is im-
portant to note that PCA is a method that separates signal information into 
different components and it is capable to generate images with improved 
SNR, compared to mean images. Selected results of the study are illustrated 
in Fig. 3.9-3.14. 

Figure 3.9. PC1 synthetic images obtained after application of PCA on synthetic 
images containing uncorrelated Poisson noise and generated utilizing different pre-
normalization methods. Upper left shows PC1 image without any pre-normalization, 
upper middle the “pre-normalization 1” method and upper right the “pre-
normalization 2” method. Lower left shows PC1 image using the “pre-normalization 
3” method and lower middle the “pre-normalization 4” method. Lower right shows 
mean image. 
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Figure 3.10. PC2 synthetic images obtained after application of PCA on synthetic 
images containing uncorrelated Poisson noise. Upper left shows PC2 image without 
any pre-normalization, upper middle the “pre-normalization 1”, upper right the “pre-
normalization 2”, lower left the “pre-normalization 3” and lower middle the “pre-
normalization 4” method.  

Figure 3.11. SNR values for the different structures (1-4) in PC1 images. Images 
contain uncorrelated Poisson noise and are generated utilizing different pre-
normalized methods and are compared with mean image. Each point of the curves 
representing SNR values for each one of the structures in both mean image (dash-
star) and pre-normalized image (solid curve). 
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Figure 3.12. IC1 synthetic images obtained after application of ICA on synthetic 
images containing uncorrelated Gaussian noise and generated utilizing different pre-
normalization methods. Upper left shows IC1 image without any pre-normalization, 
upper middle the “pre-normalization 1” and upper right the “pre-normalization 2” 
methods. Lower left shows IC1 image using the “pre-normalization 3” and lower 
middle the “pre-normalization 4” method. Lower right shows mean image. 

Figure 3.13. IC2 synthetic images obtained after application of ICA on synthetic 
images containing uncorrelated Gaussian noise. Upper left shows IC2 image without 
any pre-normalization, upper middle the “pre-normalization 1”, upper right the “pre-
normalization 2”, lower left the “pre-normalization 3” and lower middle the “pre-
normalization 4”  method. 
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Figure 3.14. SNR values for the different structures (1- 4) in IC1 images. Images 
contain uncorrelated Gaussian noise and are generated utilizing different pre-
normalized methods and are compared with mean image. Each point of the curves 
represents SNR. 

Applying pre-normalization does not dramatically improve the performance 
of the ICA for quantitative measurements. Furthermore ICA tends under 
some conditions to shift over information from IC1 to other independent 
components and seems to be more sensitive to the level of noise. 

PC1 and IC1 images may lose the quantitative values and relations within 
the images meaning that the quantitative difference between different struc-
tures in the image is not the same as in the real case caused by rescaling, 
mean-centring and applied pre-normalizations.  

3.4) Paper IV
3.4.1) Background 
In this study we introduced and implemented a new approach for Slice-Wise 
application of PCA, SW-PCA, including two new pre-normalization and a 
new contrast enhancing methods on dynamic PET images. These images are 
generated using the amyloid imaging agent 11C-labeled Pittsburgh B com-
pound (PIB) performed in patients with suspected AD and healthy volun-
teers (HVs) [70].  

The incentive of this study was based on the fact that we believed that 
multivariate image analysis methods like PCA, if it is properly applied, have 
an important role in producing images with improved quality and diagnostic 
value from dynamic PET studies. We assumed that PCA can be used as a 
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technique that without any modelling assumptions can generate images with 
optimized SNR, independent of the type of tracer used, compared with other 
statistical techniques such as sum of the images or kinetic modelling meth-
ods such as reference Patlak [6-7]. 

3.4.2) Material and methods 
The new proposed approach including new pre-normalization methods of 
input data is performed using the following steps: 

Data treatment: PET images reconstructed by FBP contain random nega-
tive pixel values within the image independent of other planes or frames. 
These negative values are caused by FBP in combination with applied cor-
rections for random, singles and scattered coincidences. These negative pixel 
values are declared as pixels containing noise in the images and are treated 
independently of each other by replacing these values by the square root of 
the absolute value of them. If pixel j  contains a negative value ijX  in im-

age i , then the new value newijX )( is obtained using equation 3.3.4.   

Background noise pre-normalization: The method is performed using Eq. 
3.3.1, and is based on dividing the value ijX  of each pixel j  in a single 
image i  by the standard deviation of the noise calculated from an outlined 
masked area in the background of the image is . The outlined mask used for 
applying this procedure is illustrated in Fig. 3.8. 

Drawing ROI for the reference region: When these two first steps are 
performed, the next part of the pre-processing is based on calculating a 
Time-Activity-Curve (TAC) data for the reference region.  This relies on the 
accurate outlining of ROI(s) for the cerebellar cortex. For the visualization 
of the cerebellum, PCA was first applied on the late frames (40-60 min) 
without any treatment of data or pre-normalization applied. The result was a 
single frame containing 63 planes, which have improved contrast specifi-
cally between grey and white matter. This improves the precision for the 
outlining of the cerebellum. The drawn ROI(s) was imported into the corre-
sponding slice in all frames in the treated and pre-normalized dynamic PET 
images and an EXCEL file was created containing time-activity data of the 
reference region. 

Kinetic pre-normalization: Kinetic pre-normalization was performed on 
treated and pre-normalized images and it was based on dividing the value of 
each pixel j  in a single image i  by the mean value iCBLx of the pixels 
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within the drawn ROI(s), masking cerebellar cortex as the chosen reference 
region. The new pixel values are generated using Eq. 3.3.5.  

Kinetic pre-normalization creates clearer margins and improved contrast 
between different regions in the resulting images by damping the values of 
the pixels for the regions that have the same kinetic behaviour as cerebellum. 

In this study, the relations between different regions within the images 
obtained using different methods were explored by comparing relative quan-
titative values within ROIs in the images. Frontal cortex, temporal anterior 
left, temporal posterior left, temporal anterior right, temporal posterior right, 
Occipital and Cerebellum were defined as regions in the brain according to a 
previous description in a study done by Engler et al. [168]. ROIs were drawn 
indicating the chosen regions of the brain and the same ROIs were then im-
ported into each one of the resulting images generated using PCA, reference 
Patlak and sum of the images.  

Because resulting images obtained using different methods contain pixel 
values with different magnitude, we normalized by dividing the obtained 
average value of each ROI(s) by the value of the cerebellum ROI for the 
same individual, and all these relative values were then compared and plot-
ted between different types of methods.  

3.4.3) Results and contributions 
The findings observed in this study confirmed our assumption since the re-
sults, as illustrated in Fig. 3.15, indicate that PCA applied on correctly han-
dled input data generated images with higher qualitative significance, higher 
contrast and better discrimination between affected and unaffected regions. 
Hopefully, this in turn, provide easier interpretation of the imaging data, 
which leads to higher diagnostic values and improved diagnostic interpreta-
tion by emphasizing regions with differences in kinetic behaviour compared 
with other regions in the brain with this exciting newly created tracer.  



            Novel Approaches for Application of PCA on Dynamic PET images 54

Figure 3.15. Qualitative comparison between applying reference Patlak, summation 
and PCA on images using PIB in a AD patient (upper row) and in a HV (lower row).  

The comparison and correlation of the relative quantitative value of PCA 
images with the optimal modelling of today, reference Patlak, revealed that 
PCA retained the relative relations between different regions with different 
amyloid binding. Measured quantitative values within the ROIs in images 
generated using PCA and reference Patlak are plotted in Fig. 3.16.

Figure 3.16. The result obtained plotting calculated mean values of the drawn ROIs 
(frontal cortex, temporal anterior left, temporal posterior left, temporal anterior right, 
temporal posterior right, Occipital and Cerebellum) in PC1 images vs. reference 
Patlak images. These correlation plots show good correlation but a few individuals 
deviate slightly from the others in the numerical relation.  
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3.5) Paper V 
3.5.1) Background 
In this paper we introduced and implemented a new and more appropriate 
approach for application of PCA on pre-normalized dynamic PET studies on 
the brain. This approach is named MVW-PCA. This approach is performed 
on dynamic PET studies of the human brain using a range of different tracers 
to explore the performance of the new method as a way to improve detection 
and visualization of significant changes in tracer kinetics and to enhance the 
discrimination between pathological and healthy regions in the brain.  

The reason for introducing this approach was that by masking the brain 
(Fig. 3.17), background data is excluded from input data thereby avoiding 
the clusters of data with values around zero, which are pixels containing 
mainly noise (Fig. 3.18).  

Figure 3.17. 3D visualization of masked brain. The extracranial tissues have been 
removed by applying a threshold for better visualization of the brain but the data 
from extracranial tissues are included in the masked input data for PCA. 
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Figure 3.18. Slice 32 from frame 10 vs. Slice 32 from frame 11 has been plotted 
(upper left) to illustrate slice-wise comparison. The large cluster of pixels with val-
ues around (0,0) represents predominantly pixels outside the brain.  Pixels from 
whole brain volume from frame 10 vs. frame 11 were plotted (upper right) to illus-
trate the distribution of the Whole Brain (WB) data without exclusion of the back-
ground data (masking). Finally whole, masked brain data from pre-normalized input 
data from frame 10 vs. frame 11 were plotted to show data distribution of input data 
compared to the other two approaches (note: different scales are used). 

Furthermore, by applying PCA on the whole volume, WB in this case, PCA 
avoids separate treatment of structures in the brain that appear in different 
slices. This approach forces the PCA to find the largest variance using the 
dataset from the whole volume of the brain (including all structures) but 
from different frames. This would improve the performance of the PCA by 
focusing on the main and most valuable part of the images not the back-
ground. 

Moreover, to explore the performance of the method, we applied the pro-
posed method on images obtained from PET studies on human brain of pa-
tients suffering from different neurological disorders and HVs, using several 
well-known tracers in clinical and research practice.  

3.5.2) Material and methods 
The procedure of MVW-PCA were included applying background noise pre-
normalization, drawing ROI for reference region where Cerebellum was 
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used and performing kinetic pre-normalization, all of which were introduced 
in previous papers. In contrast to our previous study, removal of negative 
values was not included in the procedure, but instead PCA was applied on 
the whole, masked brain, where the background pixels were excluded.  

For masking the brain, a Matlab programme (The Mathworks, Natick, 
Massachusetts) was developed based on applying PCA on non-pre-
normalized dynamic PET data after which the PC1 images were converted to 
binary images and the background pixels were masked out using an global 
threshold method named the Otsu method [169]. 

3.5.3) Results and contributions 
In this study we compared the results obtained from applying MVW-PCA 
with the results obtained using reference Patlak and sum of the images (Fig. 
3.19).

Figure 3.19. MVW-PCA images compared to images obtained using other methods 
on dynamic PET study of human brain using GLD in HV. PC1 is compared with 
reference Patlak applied on input data from 20-60 min, sum images from frame 3-
17, sum images from frame 15-17, image 33 from frame 17 and finally image 33 
from frame 12.  

This study shows that by implementing the proposed method, different ki-
netic information in different brain regions is captured and separated into 
different components. The PC images contain more detailed anatomical in-
formation with higher quality, precision and visualization of small structures 
for further exploration compared with images generated using other methods 
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(Fig. 3.20 – 3.21). This may improve the clinical diagnosis of the PET stud-
ies on the human brain when using new tracers or when using existing trac-
ers in new clinical applications. Applying this method may also save time 
and be more cost efficient because fewer clinical experiments are needed to 
determine the efficiency of available or new tracers in different PET studies 
on the human brain.  

Figure 3.20. PC1- (first column), PC2- (second column) and PC3-images (third 
column) obtained from applying MVW-PCA on human brain in HV using GLD. 
The results indicate that different kinetics in different brain regions are captured in 
PC1 images compared to PC2 and PC3 images (containing mainly noise).  
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Figure 3.21. PC1 images generated using MVW-PCA on human brain using PIB in 
AD patient (upper row) and HV (lower row), viewed in different planes. 

Furthermore, MVW-PCA is a more appropriate approach compared with 
SW-PCA on dynamic PET images since applying SW PCA might generate 
inconsistent results because each slice of the brain is treated separately and 
independently from other slices of the brain in the same frame. Moreover by 
applying SW-PCA, for the higher components e.g. PC2 or PC3 the eigenvec-
tors might contain reversed weighting factors, which lead to generation of 
images with reversed sign (negative images). This can cause inconsistency 
within the resulting volume, which needs to be handled afterwards to gener-
ate correct images. 

3.6) Paper VI 
3.6.1) Background 
In this paper we implemented the MVW-PCA approach on dynamic PET 
data in the sinogram domain and included a new Pixel Wise (PW) noise pre-
normalization compared with the previous study.  

PCA is usually applied SW on reconstructed dynamic PET data (images), 
in the image domain. This is advantageous because this is usually the form 
in which images are available. The disadvantage is that reconstructed images 
contain all the effects and errors introduced during the reconstruction includ-
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ing applied corrections, such as propagation of statistical noise across the 
images, and errors due to mismatch between emission and transmission data 
induced by e.g. patient movements. The images also include noise correla-
tion caused by filtering performed in different correction procedures and in 
the applied reconstruction algorithm. Therefore we believe that it is more 
appropriate to apply PCA on pre-normalized dynamic PET data in the sino-
gram domain since the statistical properties are more well-defined and pre-
cise compared to the image domain. Furthermore, working in the sinogram 
domain provides better accuracy in pre-normalization of the input data for 
further application of PCA.  

3.6.2) Material and methods 
In this study we simulated two different types of kinetic behaviours by using 
two different radionuclides (11C and 68Ga, with half-life of 20 and 68 min 
respectively) in this phantom study. These behaviours were expected to be 
explained by two principal components and the main part of the noise ex-
plained by the remaining components. Different amounts of radioactivity 
were added to the different water-filled inserts and the concentration of 
tracer in each one of the inserts was measured using a calibrated well -
counter.

A new, PW noise pre-normalization method was applied on acquired dy-
namic emission PET data (sinogram) to perform a more proper transforma-
tion of the input data. The resulting and new transformed emission data were 
further used in the reconstruction procedure using both FBP and OSEM (Fig. 
3.22). This approach was proposed and implemented to improve the per-
formance of the PCA leading to improvement of image quality and a better 
discrimination between structures with different kinetic behavior in the re-
constructed images. 

Since PET is based on annihilation coincidences and photon detection, 
and radioactive decay obeys Poisson statistics we assumed that each one of 
the pixel coordinate ),( ji of the sinogram ijX represents the number of de-
tected coincidence counts for a given detector pair. The value of each pixel 
is assumed to have an uncertainty of ijX ; therefore, the PW noise normali-

zation is applied on all detected counts (pixels) independently using the fol-
lowing equation. 

ij

ij
ij

X

X
X                                            (3.6.1) 

Where ijX refers to the new value of the pixel with coordinate ),( ji .
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Figure 3.22. Schematic illustration of SW-PCA and MVW-PCA on dynamic PET 
data in the sinogram domain. 
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Moreover, in this study we investigated and compared the results obtained 
from the application of both Sinogram Wise (SW) and MVW application of 
PCA. The results obtained using the MVW-PCA were compared with results 
obtained using MVW-PCA with one of the most applied noise pre-
normalization methods described by Pedersen et al [14] but in the sinogram 
domain.  

Circular ROIs were drawn in the reconstructed images for each object in 
one slice and imported into the corresponding slice in different frames. To 
describe the performance and comparison of different approaches, the Coef-
ficient of Variation (CV) was used, which was defined as; 

ii

i

i

RR

R
R SNRx

CV 1
                   (3.6.2) 

The signal was measured as the square values of mean value 
iRx of the pix-

els within an outlined ROIs over the inserts to identify the object i ,  and 
noise

iR was measured as the square values of standard deviation of the 

pixel values within the same ROI. 
iRSNR is described by Sonka et al. 

[145] .  

3.6.3) Results and contributions  
The main contributions and findings in this paper are that proper application 
of PCA based on the MVW-PCA approach and proposed SW noise-
normalization on dynamic PET data in sinogram domain generates images 
with improved quality and lower noise magnitude. Additionally, more visi-
ble structures and more homogenous distribution of the tracer in the cylin-
drical inserts are obtained compared to images generated using Pederson’s 
pre-normalization method. These are observed independent of the used re-
construction methodology. The first kinetic information was explained by 
the first PC components, which captured the largest variance within the 
frames and were visualized as PC1 images; the second kinetic behaviour was 
explained and visualized by the second components and illustrated as PC2 
images; and mainly noise was appeared in the remaining components. 

PC2 and PC3 images using the Pederson’s noise-normalization method 
contained vague texture left from the structures in which kinetic behaviour 
was described in the first and second component. These observations were 
not noticeable in the corresponding PC images generated using the PW 
noise-normalization method while PC3 images contained only noise (Fig. 
3.23 – 3.24).  
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Figure 3.23. PC1- , PC2- and PC3-PET images (first column, a-c) reconstructed 
using FBP with 4 mm Hanning filter applied, using MVW approach of PCA on 
dynamic PET sinograms using PW noise-normalization. Corresponding PC1-, PC2- 
and PC3-PET images (second column, d-f) are illustrated, using MVW-PCA ap-
proach on dynamic PET sinograms but using Pederson’s noise-normalization 
method. 
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Figure 3.24. PC1- and PC2-PET images (first column, a-b), reconstructed using 
OSEM (6 iteration, 8 subsets) with 4 mm Hanning filter (FWHM) applied are illus-
trated, using the MVW-PCA with proposed  SW noise pre-normalization applied. 
Corresponding PC1- and PC2-PET images (second column, c-d), are illustrated 
using MVW-PCA on dynamic PET sinograms, but using Pedersen’s noise-
normalization method. 

CV comparison of different objects in different principal components indi-
cates a clear advantage of using the proposed approaches and PW noise-
normalization method compared with Pedersen’s method for all structures in 
images reconstructed using both FBP and OSEM.  Fig. 3.25 shows CV com-
parisons of a selected object in PC1 images. 
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Figure 3.25. PC1 images obtained using different approaches and reconstructed 
using different methods, are utilized to measure the CV. CV% comparison is illus-
trated by the drawn ROI on structure (insert) containing tracer with largest kinetic 
variation (PC1 images) in the PET images reconstructed using FBP (up) and OSEM 
(down). 

By performing this study we showed that using both the PW noise-
normalization method and MVW-PCA approach in the sinogram domain 
generates images with improved quality and precision. This method sepa-
rated the structures with different kinetic behaviours into different principal 
components without loss; even decrease of CV values and improvement of 
SNR.
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4. Closing Remarks

4.1) Discussion 
This research was focused on developing methods capable of detecting, ex-
tracting and illustrating significant changes in the regional tracer kinetics in 
PET images, without any modelling assumptions. These methods should 
generate images containing more detailed anatomical and physiological in-
formation with improved quality, precision, visualization and discrimination 
between pathological and healthy regions, which hopefully lead to im-
provement of clinical diagnosis. It should be possible to separate regions 
with different kinetic behaviour or containing different physiological infor-
mation into different components for further exploration. 

PCA application on dynamic images was initiated since it had previously 
been shown that it could be used as a technique to generate images with im-
proved quality in several studies in the medical imaging field such as in 
PET, if input data were correctly handled. Since PCA is sensitive to scaling 
and is a data-driven technique, it is essential to transform the input dataset 
into a new set of data that is more suitable for the analysis. 

To be able to find accurate transformation or pre-normalization methods, 
it was imperative to investigate the factors that might affect or disturb the 
performance of transformation procedures of the PET images or data. Noise 
magnitude and correlation are two of the main disturbing factors in both PET 
images in the image domain and PET data (corrected data) in the sinogram 
domain. These noise properties contaminate, propagate, affect and disturb 
either images or data differently since their appearance, magnitude and im-
pact are dissimilar in the two domains. Therefore, different pre-
normalization methodologies should be implemented based on noise proper-
ties and their behaviour in different domains. 

 Each domain has its negative and positive aspects. The advantages of ap-
plying different image processing methods in the image domain compared 
with the sinogram domain are that the size of the dataset is much smaller and 
this is usually the form in which PET datasets are available and analyzed. 
The disadvantage is that reconstructed images contain all the effects and 
errors introduced during applied corrections and the reconstruction. In other 
words, working in the sinogram domain provides better accuracy in applied 
pre-normalization of the input data since the statistical properties are more 
well-defined and precise compared to the image domain.  
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To reach the goals of this work based on our assumptions, we started this 
research by studying the noise properties of the PET images. Since PET 
images are inherently noisy, we evaluated the behaviour of the noise in PET 
images with respect to its magnitude, which differs among images, and its 
correlation between signal and noise, and even in-between noise. Therefore, 
we investigated these two noise properties with emphasis on angular de-
pendence of noise correlation in the PET images reconstructed either ana-
lytically or iteratively.  

Another assumption before studying the correlation pattern of the noise 
was that since the noise level differed in different angular projections during 
acquisition under conditions where the radioactivity concentration was non-
uniform, it could cause differences in noise correlation in different direc-
tions, especially when an asymmetric object is scanned. This implies that 
angular dependent noise would propagate during applied corrections and 
image reconstruction algorithm used into the reconstructed images, which 
would generate a non-isotropic noise correlation. Depending on the choice of 
applied correction and reconstruction method for generating PET images, 
different correlation patterns of the noise would be observed.  

Since noise magnitude and correlation pattern of the noise are dissimilar 
in different reconstructed PET images, it was necessary to find a method that 
could be used to illustrate and visualize the pattern of the noise in each type 
of image. Therefore, ACF was suggested as an adequate technique for this 
purpose. By applying ACF on the image or part of the image, it is possible to 
explore how adjacent or surrounding pixels affect the middle pixel within a 
single image. In other words, ACF can be used as a technique that reveals 
the relationship and correlation between the pixels’ noise in a single PET 
image, independent of the other images in the sequence. 

Paper I & II show that ACF is a fast and adequate technique and can be 
used to reveal the correlation pattern of the noise within the images, recon-
structed using any type of reconstruction algorithm in different medical im-
aging fields. This indicates the consequences of applied correction method-
ology and shows the performance of the reconstructed algorithm used, to 
handle these consequences. The correlation pattern can even be illustrated as 
a 2D image, which can be visually inspected and can be used for further 
exploration.

It should be pointed out that ACF is applicable only on images without 
structural information, i.e., images obtained from uniform objects (phantom 
studies). Normally to investigate the precision or performance of a new 
method or hardware, uniform phantoms are used as in our study. When 
studying non-uniform phantoms it is possible to use ACF locally and inde-
pendently on different parts of the image.  

The results provided by these two studies confirmed our assumptions and 
fulfilled our goal of performing them since the obtained results confirmed 
the fact that the correlation pattern of the noise is non-isotropic if the shape 
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of the studied object is asymmetrical and the reconstruction algorithm used 
is FBP. This is not the case when using an iterative reconstruction algorithm 
such as OSEM.  

Angular variability of the noise magnitude in the projection data and an-
gular variability of the noise correlation in images, reconstructed by FBP, 
have to be considered carefully when statistical evaluations or measure-
ments, such as PCA are performed. This might also lead to inability to assess 
the uncertainty in the measured results such as estimation of precision in an 
average over a ROI in an image. 

The next step in this work (Paper III) was to investigate and find new pre-
normalization methods in which the aspects observed in the two previous 
studies were considered. We intended to explore and compare the ability and 
performance of the PCA vs. ICA on a sequence of synthetic PET images in 
conjunction with exploring and introducing new pre-normalization (noise 
pre-normalization) method(s). We performed this study to evaluate their 
ability to extract and separate the signals with different kinetic behaviour 
from the noise into different components and to compare their performance 
when different types, magnitudes and correlations of the noise are present.  

This study showed that PCA is a more stable technique than ICA and the 
sensitivity of PCA to the type, magnitude and correlation of the noise in the 
images can be dramatically reduced if the images are correctly pre-
normalized.  

In this study we observed that a combination of linear and non-linear pre-
normalization operations might be a way of transforming input PET data to a 
more suitable form prior to application of PCA. This could be because statis-
tical noise in reconstructed images does not obey the Poisson statistic and 
loses its linearity because of chosen correction and reconstruction methods. 
In other words, it might be possible to perform a non-linear pre-
normalization method on the reconstructed images, preferably pixel-wise to 
avoid the consequences of applied corrections and reconstruction algorithm.  

The observations from the third study were the starting point for the fur-
ther extension and continuation of this work. We concluded firstly that PCA 
is an adequate and stable multivariate technique that is capable of extracting 
and separating signals that represent different kinetic behaviours from the 
noise, into different ordered components based on the magnitude of variation 
when input data are correctly handled. Secondly, the performance of the 
PCA can be improved by applying both linear and non-linear pre-
normalization operation(s) on input dataset before applying PCA. This indi-
cates that by performing accurate pre-normalization method(s) on input data, 
a new set of data with optimized SNR is created and PCA is guided by the 
signals representing the kinetic behaviour or physiological information of the 
administered tracer in the human PET studies. 

Paper IV indicates how an accurate combination of pre-normalization 
methods can influence and improve the performance of the PCA in which 
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images are generated with higher quality, better discrimination between af-
fected and unaffected regions, which hopefully lead to higher diagnostic 
values and improved diagnostic interpretation in human studies on brain 
using PIB. These observations were confirmed by comparing the obtained 
results from applying the new approach with parametric images obtained 
using reference Patlak, which is an adequate, well-known and frequently 
used kinetic modelling method in the PET field. Reference Patlak is based 
on PW measurements of accumulation rate within the time sequence aiming 
to extract areas with specific kinetic properties to discriminate between re-
gions and represent the results as parameter images in a single frame. How-
ever, optimization of SNR is not included in the procedure of creation of 
parametric images so these parametric images suffer from poor quality, and 
small structures in the brain with closely similar kinetic behaviour are lost in 
the noise. If either input images are noisy or there is lack of a confident ref-
erence region, then model parameters are often estimated with great uncer-
tainty. In this case PC images obtained using the proposed approach can be 
used and compared with the generated parametric images especially when 
PET studies are performed with new tracers. In contrast to kinetic modelling, 
PCA is able to extract and separate regions with different physiological be-
haviour in different components presented as multivariate images. However, 
estimation of quantitative values is less obvious since the quantitative rela-
tion between different regions might be lost in the resulting PC images. 

Images generated using this approach contained higher contrast and im-
proved discrimination between regions with different kinetic behaviour, even 
compared with the summed images, which are used to reduce of the noise in 
the images. A problem with the summing method is that the sum over the 
whole sequence tends to emphasize the contribution from the early frames, 
which are typically more flow dependent than binding dependent. Late 
summations tend to be noisy because of the limited number of counts at the 
times when radioactive decay has reduced the amount of radioactivity. 
Therefore, it is essential to sum images through the appropriate frames 
where the specific signal is proportionally larger to be capable of generating 
proper results using this technique. This means that a good knowledge is 
required about kinetic behaviour of different regions in the scanned part of 
the human body for the tracer under study. These aspects do not need to be 
considered when applying the proposed approach of PCA, meaning that 
PCA can be applied on the whole sequence or part of the sequence without 
considerations about kinetic behaviour of the administered tracer. 

A disadvantage of SW-PCA approach is that PCA is performed slice-wise 
on each slice (image) through the time sequence independently of the other 
slices. This can cause inconsistencies within the resulting volume, especially 
in later components since parts of the same structure that appear in different 
slices are treated independently from each other.  
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Therefore, the next study (Paper V) was aimed at further improvement of 
the method and possible arising inconsistencies of the generated volumes. A 
new approach for application of PCA named MVW-PCA, which focuses on 
the main (masked) part of the image; the whole volume of the brain was 
introduced and implemented.  

Images generated using MVW-PCA contain more detailed anatomical in-
formation with higher quality, precision and visualization especially in later 
components without any inconsistency within the resulting volume. This 
approach might improve the clinical diagnosis of the PET studies on the 
human brain when using new tracers or when using existing tracers in new 
clinical applications. This is a fast technique and may be more cost effective 
compared with the other statistical methods because fewer clinical experi-
ments are required to determine efficiency of available or new tracers in 
different PET studies on human brain. 

In the last study (Paper VI), we applied the same approach and a new 
noise pre-normalization method on dynamic PET data in the sinogram do-
main. Since properties of the noise are different in the PET data in the sino-
gram domain, the introduction of a new pre-normalization method was 
needed. This study showed how an appropriate approach for application of 
PCA could improve its performance. One drawback of this approach is that 
because of the very large amount of data in the sinogram domain, especially 
for 3D data, it is necessary to divide the application procedure into a number 
of sub-procedures to be able to perform it.  

Finally, this thesis shows the possibilities of performing multivariate im-
age analysis such as PCA on PET images/data in order to generate images 
with higher quality and improved SNR without any modelling assumptions. 
This shows another aspect of using this technique in the medical imaging 
field compared with previous studies. In some studies PCA has been used to 
separate different groups by observing ability of the face recognition and its 
variability [170], to study affect of age in brain metabolism by studying high 
metabolic covariance [171], to extract information and physiological signifi-
cance which were not possible to identify by using another methods such as 
categorical analysis on medial temporal lobe seizures [172] and to perform 
quantitative analysis in combination with factor analysis in dynamic studies 
[173]. In contrast to these studies, here, we explored the possibility of ex-
tracting different kinetic information from input data and representing it as 
images with high quality in different components compared with the other 
methods.  In other words, we studied the possibilities to explain kinetic be-
havior of administered tracer in different regions of the brain by observing 
its variation within the time sequence. This shows another angle of extract-
ing essential information that can be used for further interpretations and 
analysis compared with the other studies in the medical imaging field, where 
other aspects of application of multivariate image analysis have been ex-
plored.
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4.2) Conclusions 
The new approaches for application of PCA on dynamic PET images/data, 
introduced in this thesis, are promising steps toward an improved clinical 
diagnosis based on PET studies in humans. In other words, PCA can be used 
as a clinically useful method in combination with other methods, to improve 
the analysis of PET images. This thesis shows that PCA is capable of gener-
ating images (without modelling assumptions) that contain more detailed 
anatomical information, with improved quality, contrast, accuracy, precision, 
visualization and most importantly discrimination between pathological and 
healthy regions (The main goal of this work). These results and contribu-
tions, hopefully, lead to improvement of clinical diagnosis on human PET 
studies.

PCA is applicable on images generated by any type of medical imaging 
modality on the condition that the input images/data are dynamic (until to-
day) and they are correctly pre-normalized based on the noise properties in 
the images/data. 

4.3) Future Work 
In this thesis, several new approaches for application of PCA on dynamic 
PET images/data were proposed and implemented. It is important to empha-
size that our contributions and findings are only good starting points for fu-
ture studies, investigations and developments to move closer to the vision 
underlying this work; to improve clinical diagnostics.  

Future work should include modification and further development of 
these methods so that they are applicable on other mentioned neuro-imaging 
modalities. Further validation and modification allowing derived quantitative 
values from PC images are needed since PCA may lose the quantitative val-
ues and relations within the images.  

It would be interesting to investigate how PC images of higher order, such 
as PC3 or later, which contain mainly information about the noise and its 
properties can be used to study and define the noise in the reconstructed 
images. This information might be valuable and could be used for improve-
ment of applied correction methods and reconstruction algorithms. 

Another future task would be to investigate the possibilities of performing 
PCA on static images such as human whole-body PET experiments since so 
far PCA has been applied only on dynamic images/data.   

Finally, one interesting future study might be to investigate how the SNR 
optimization could be included in kinetic modelling methods such as refer-
ence Patlak to improve the SNR while retaining the quantitative measure-
ments in the resulting parametric images. Fig. 4.1-4.2 show the comparison 
of generated parametric image using reference Patlak on pre-normalized 
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PET images using the pre-normalization method introduced in Paper IV and 
on non-pre-normalized images. 

Figure 4.1. A pilot-test of the future work based on applied pre-normalization of 
input image prior to application of kinetic modelling such as reference Patlak. Result 
obtained from reference Patlak applied on non-pre-normalized data (left) and on pre-
normalized input data (right).  

Figure 4.2. The average of the values of the pixels with each ROI outlined in the 
images. 
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Summary in Swedish 

Positron Emissions Tomografi (PET) är en, tomografisk och digitalt bildalst-
rande metod som visar den inre anatomiska fördelningen av en specifik radi-
oaktivt märkt spårsubstans som känner av funktionella och fysiologiska fak-
torer. Dessa spårsubstanser administreras vanligvis intravenöst deras  fördel-
ning och kinetik registeras och illustreras i form av en serie tvärsnittsbilder 
genom kroppen.  

PET har visat sig vara en viktig icke-invasiv teknik som skapar möjlighe-
ter att studera funktion hos specifika organ eller sjukdomsområden. Denna 
modalitet utnyttjas rutinmässigt inom klinisk diagnostik, medicinsk forsk-
ning och i läkemedelsutveckling. 

PET studier på människa utförs vanligtvis som statiska, t.ex helkropps 
undersökningar eller som dynamiska undersökningar t.ex. på hjärna. Den 
statiska bildinsamlingen innebär att samma område/sektor undersöks en 
gång under en specifik tidsperiod medan den dynamiska undersökningen är 
baserad på sekventiellt avsökning av samma sektor under ett antal tidsinter-
vall. Under dynamiska studier genereras en serie kongruenta bilder erhållna 
från samma sektor men från olika tidpunkter vilka kan betraktas som multi-
variata bilder som innehåller fysiologisk, biokemisk och funktionell informa-
tion. Informationen erhålls genom att studera och analysera fördelning och 
kinetik av den administrerade radioaktivt märkta spårsubstansen. Det betyder 
att varje enskild bild inom sekvensen innehåller/reflekterar en del av den 
kinetiska informationen vilken i sin tur är relaterad till fysiologiska, bioke-
miska och funktionella egenskaper hos vävnaderna.  

Den multidimensionell informationen i dessa bilder innefattar bland an-
nat: olika typer av spårsubstanser, information om tidsförloppet och den 
tredimensionella spatiella avbildningen, man innehåller även en hög grad av 
brus som varierar i de olika spatiella dimensionerna. Det är önskvärt att i 
denna multivariata information söka faktorer och anatomiska och fysiologis-
ka lokalisationer som kan diskriminera olika typer av områden från varandra. 
Dessa faktorer och lokalisationer kan i sin tur användas som eventuella kän-
netecken som kan användas för att särskilja friska individer från patienter.  

Hög grad av brusnivå, korrelation mellan bildelement och hög nivå av 
icke-specifik bindning till mål- vävnader/regioner och ibland små differenser 
i måluttryck mellan patologiska och normala regioner, är bland de faktorer 
som försvårar analysen av PET bilder. Dessa störande faktorer påverkar 
genererade bilder så att en enskild bild inte kan anses vara optimal för analys 
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och visualisering av anatomi och patologi. Det är väsentlig att studera och 
förstå hur dessa faktorer påverkar de erhållna kvantitativa resultaten när oli-
ka typer av matematiska analysmetoder såsom kinetisk modellering enligt 
den s.k. referens Patlak metoden och multivariat bildanalys såsom  Principal 
Component Analyis (PCA) används.  

Förutom de matematiska modeller som används för att beskriva kinetiken 
och därmed reducera tidsdimensionen till ett par diskreta parametrar, så är 
PCA en av de mest anlitade multivariata bildanalysmetoderna för brusredu-
cering och analys av multidimensionella dynamiska PET bilder. Eftersom 
PCA är en helt datastyrd teknik, så kan denna metod inte skilja varians på 
grund av brus från varians på grund av signal, om indata inte behandlas på 
rätt sätt. Detta kan leda till att PCA förstärker bruset istället för signalen som 
representerar variation baserad på kinetiska egenskaper mellan olika regio-
ner/vävnader.

I denna avhandling, introduceras och implementeras en ny metod för att 
studera brusengenskaper i transaxiella PET bilder rekonstruerade antingen 
analytiskt eller iterativt, med betoning på dess korrelation, med hjälp av 
auto-korrelations funktionen. Vi har även studerat bruskorrelationen i bilder 
alstrade med olika medicinska och tomografiska modaliteter såsom Dator-
tomografi (CT), Single Photon Emission Computed Tomografi (SPECT) och 
PET/CT.

Därefter presenterar vi tre nya tillvägagångsätt för applicering av PCA på 
dynamiska PET bilder i både bild- och sinogram- (rå-data) domän. Dessa 
metoder innehåller olika nya typer av förnormalisering, innan applicering av 
PCA utförs. Dessa förnormaliseringar gör att PCA i väsentligt mindre ut-
sträckning störs av bruset i bilderna. Applicering av PCA kan i sin tur utfö-
ras på olika sätt; på varje snitt separat eller volymvis respektive på bilder 
vars bakgrund är bortmaskerade. Ett tredje sätt är att applicera PCA på för-
normaliserade sinogram data, följt av rekonstruktion. 

Utnyttjad på det sätt som beskrivs i denna avhandling blir PCA en multi-
variat metod som utan modelleringsantagnaden är kapabel att generera bilder 
som illustrerar signifikanta förändringar och innehåller viktig kinetisk in-
formation, separerade i olika komponenter. 

Resultat erhållna från implementeringen av dessa metoder är lovande och 
tyder på att PCA med dessa nomaliseringar kan generera bilder med förbätt-
rad kvalité, kontrast, noggrannhet, visualisering, diskriminering mellan pato-
logiska och friska regioner och med förbättrat signal till brus förhållande. 
Dessa nya sätt att generera bilder kan leda till förbättrad klinisk tolkning och 
diagnostik för nya spårsubstanser i olika PET studier eller för befintliga 
spårsubstanser i nya applikationer. 
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