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Abstract

Automated Method for Generation of Input Function
in PET Studies Using MVW-PC Images

Johan Olsson

Modeling is an approach for extracting quantitative values from PET. The signal from a
reference region or from blood samples is used as reference. Since blood sampling is
risky, this report presents an automated method based on MVW-PCA for using blood
data from the images.

The study was performed on clinical PET data from several human brains using the
tracer PIB. Two veins were found in a MVW-PC and an average of the TACs from
the relevant locations was formed. Finally, a correcting function was calculated.

The curves generated from the image data were very similar to the curves generated
from blood samples, with the largest errors in the beginning of the scan.

The used method shows potential for generating very good results if worked on
more. One of the strengths of the approach is that it is not limited to a specific tracer
or time protocol, since the MVW-PC will be chosen depending on the weights for the
first 60 seconds.
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Sammanfattning på svenska 

Denna rapport är dokumentationen av ett examensarbete utfört på GE Healthcare av 
Johan Olsson under ledning av Dr Pasha Razifar. Projektet hade som mål att ta fram 
en automatisk metod för att hämta information om radioaktiviteten i blodet från bilder 
skapade med hjälp av positronemissionstomografi (PET). Nivån av radioaktivitet i 
blodet används som referens vid analys av PET-data. En bildbaserad metod skulle 
kunna ersätta dagens metod, som innebär att man direkt mäter radioaktiviteten i blod-
prov från patienten. Detta vore bra, eftersom det är riskabelt att ta blodprov i samband 
med en PET-undersökning, och obehagligt för patienten. 

Medicinsk bildvetenskap använder ofta tomografiska metoder, vilket är metoder som 
avbildar tredimensionella volymer med hjälp av tvådimensionella snitt. En del meto-
der ger information om kroppens uppbyggnad, andra om dess funktion. Det finns även 
kameror som kan använda två metoder samtidigt, och således generera bilder som 
både visar kroppens uppbyggnad och funktion. 

PET är en av teknikerna som ger information om kroppens funktion, en teknik som 
används för att få information om såväl friska som sjuka organ och vävnader utan att 
behöva öppna någon kroppsdel kirurgiskt. Med hjälp av PET kan man diagnostisera 
cancer, hjärtsjukdomar, Alzheimers, Parkinsons, fobi och epilepsi. Ett spårämne 
märks med en radioaktiv molekyl och tillförs patienten, oftast genom injektion i blo-
det. Den radioaktiva molekylen sönderfaller sedan någonstans i kroppen, och ger då 
ifrån sig en positron. Denna positron färdas en kort sträcka, under vilken den krockar 
med elektroner och därmed förlorar energi vid varje krock. När en krock med innebär 
att den förlorar sin sista energi utplånas den, vilket resulterar i att två fotoner skickas 
iväg i motsatta riktningar. Fotonerna färdas ut ur patienten och en ring av sensorer i 
kameran detekterar dem. Om två fotoner detekteras samtidigt på motsatta sidor av pa-
tienten räknas detta som resultatet av ett sönderfall. Detektorerna ger ifrån sig ljus när 
de tagit emot en foton, och detta ljus tas i sin tur upp av en fotodetektor. Signalen om-
vandlas sedan till en elektrisk puls och sparas i kamerans minne. Alla dessa detektio-
ner används för att skapa en bild med hjälp av en direkt och analytisk metod eller en 
metod som kräver upprepade statistiska beräkningar. På så vis kan man få bilder som 
visar vart spårämnet tagit vägen. 

En PET-undersökning kan antingen utföras statiskt eller dynamiskt. En statisk studie 
ger upphov till en enda bild, och utförs ofta för att relativt snabbt undersöka uppbygg-
naden av stora områden av kroppen, till exempel för att diagnostisera cancer. PET-
undersökningar av hjärnan utförs ofta dynamiskt; vilket innebär att man tar ett antal 
bilder av samma volym, men från olika tidsintervall. En dynamisk undersökning tar 
längre tid; men ger information om hur spårämnet fördelat sig i kroppen vid olika tid-
punkter, och därmed information om kroppens funktion. 

En statistisk metod som används för att analysera dynamiska PET-data är principal-
komponentanalys (PCA). Spårämnet binder på olika sätt i olika delar av hjärnan, och 
principalkomponentanalysen delar upp PET-signalen i komponenter som reflekterar 
detta. PCA är en helt datadriven metod, och är därför extra känslig för felaktig infor-
mation i indata. Därför behandlar man signalen innan analysen. Att subtrahera en 
skattning av medelvärdet från signalen är en vedertagen förbehandling, och det är 
även vanligt att också dividera med en skattning av standardavvikelsen. Denna skatt-



 
6

ning kan antingen göras med hjälp av hela bilden eller exempelvis bakgrunden. När 
PCA utförs på dynamiska bilder är det lämpligt att innan analysen välja ut den intres-
santa delen av informationen. Bakgrunden i PET-bilderna tas bort för att minska an-
talet beräkningar och för att inte störa resultatet av analysen, som man vill bara ska 
bero på relevant information. Principalkomponentanalysen genomförs volymvis, vil-
ket innebär att man betraktar hela volymen för ett tidsintervall som en observation. De 
tvådimensionella snitt som bygger upp volymen behandlas alltså inte separat. 

För att få ut kvantitativa värden från mätningarna använder man ofta modeller. Sig-
nalen, det vill säga koncentrationen av spårämne i olika delar av hjärnan som en 
funktion av tid, beror främst på hur benäget spårämnet är att binda till ett specifikt 
område i hjärnan och sedan stanna där. Matematiska modeller används för att särskilja 
denna del av signalen från de andra. Olika modeller är korrekta i olika sammanhang, 
till exempel beroende på om spårämnet kan lämna målområdet när det väl bundit till 
det. För att utföra modellering krävs en dynamisk uppsättning PET-data och en refe-
rens. Som referens kan man ta blodprov på patienten, och mäta radioaktiviteten i blo-
det, eller göra mätningar i PET-bilderna i ett område där spårämnet inte binder. In-
formationen från modelleringen kan ge skattningar av till exempel metabolism, blod-
flöde och syrekonsumtion. 

Metoderna som togs fram för att skatta radioaktiviteten i blodet med hjälp av bilder 
utvecklades i ett datorprogram för matematiska beräkningar. Principalkomponent-
analys utfördes på dynamiska PET-data av en mänsklig hjärna. Den av de tredimen-
sionella komponentbilderna som bäst visade blodkärlen valdes ut. I den lokaliserades 
två vener genom att beräkna komponentbildens lokala maxima och sedan utvärdera 
dem. Eftersom venerna som söktes oftast sitter på ungefär samma ställe i hjärnan, 
kunde denna information användas till att välja ut de rätta lokala maximala punkterna. 
Kring de två lokala maximala punkterna valdes ett antal bildelement ut, och signalen i 
dessa bildelement vid olika tidsintervall studerades. Varje bildelement tilldelades en 
vikt, som berodde på hur mycket detta bildelements signal liknade de andra bildele-
mentens. Dessa vikter användes för att bilda ett viktat medelvärde av tid-aktivitetkur-
vorna. De bildelement som eventuellt låg utanför venerna, eller innehöll felaktig in-
formation av någon annan anledning, gavs på så vis mindre inflytande på slutresulta-
tet. Viktade medelvärden från flera undersökningar jämfördes med motsvarande upp-
mätta kurvor från blodprov, och en lämplig korrigerande funktion beräknades. 

Resultaten utvärderades genom att behandla data från ett antal undersökningar. Radi-
oaktiviteten som funktion av tiden beräknades, endast baserat på information i bil-
derna. Den beräknade kurvan jämfördes sedan med kurvan som mätts upp från blod-
prov. Kurvorna hade liknande utseende, men var inte identiska. Störst skillnad var det 
i början av undersökningen, då radioaktiviteten i blodet snabbt steg för att sedan 
snabbt sjunka igen. Metoden verkar lovande, men kräver förbättringar för att kunna 
användas i större utsträckning. En anledning till skillnaderna mellan kurvorna kan 
vara att PET-bilderna och den uppmätta kurvan inte använt samma tidsreferens, vilket 
skulle ha försämrat beräkningen av den korrigerande funktionen. Resultaten är i stor 
utsträckning baserade på mätningar gjorda på ett fåtal uppsättningar data. Flera para-
metrar i algoritmen skulle kunna finjusteras med direkt anatomiska data angående den 
mänskliga hjärnan eller data från ett stort antal PET-undersökningar. Metoden i stora 
drag verkar fungera bra, och skulle detaljer som dessa lösas skulle troligen resultaten 
bli mycket goda. 
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Preface 
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cooperation with the two other students during the early phases of our work led to 
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puter Simulated Images. The Open Neuroimaging Journal, 3:1-16 (2009) 

• Olsson J, Oweinus R, Svensson P-E, Engbrant F, Långström B, Bengtsson E 
and Razifar P: Automated Method for Generation of Input Function in Posi-
tron Emission Tomography Studies Using Masked Volume-Wise Principal 
Component Images. Manuscript (2009) 

• Svensson P-E, Olsson J, Engbrant F, Långström B, Bengtsson E and Razifar 
P: Reduction of noise in positron emission tomography data using masked 
volume-wise principal component analysis. Manuscript (2009) 

• Engbrant F, Svensson P-E, Olsson J, Långström B, Bengtsson E and Razifar 
P: Application of Masked Volume-Wise Principal Component Analysis on In 
Vivo Animal Positron Emission Tomography Studies Using Flourine. Manu-

script (2009) 
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Acronyms and abbreviations 

2D  Two dimensional 
3D  Three dimensional 
AD  Alzheimer’s disease  
CBL  Cerebellum 
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FBP  Filtered back-projection 
fMRI  Functional magnetic resonance imaging 
FrntCx  Frontal cortex 
MRI  Magnetic resonance imaging 
MVW  Masked volume-wise 
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OSEM  Ordered subset expectation maximization 
PC  Principal component 
PCA  Principal component analysis 
PET  Positron emission tomography 
PIB  Pittsburgh compound-B 
ROI  Region of interest 
SNR  Signal-to-noise ratio 
SPECT Single photon emission computed tomography 
SW  Slice-wise 
TAC  Time-activity curve 
VOI  Volume of interest 
vTAC  Vein time-activity curve 
WhitM  White matter 
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1 Introduction 
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1.1 Setting 
In medical imaging there are several tomographic imaging modalities, which generate 
three-dimensional (3D) images in the form of two-dimensional (2D) slices. One of 
them is positron emission tomography (PET), which generates functional information 
that is useful in diagnosis. In the beginning of a study, a positron-emitting tracer is 
administered to the patient, and the emitted positrons send a pair of photons in oppo-
site directions. Sensors detect the photons, and the detections are stored in the mem-
ory of the camera. These data are used to create an image of the concentration of the 
tracer. PET studies can either be static, generating a single image volume, or dynamic, 
generating one volume for each of several time intervals. 

Dynamic PET data can be separated into components with principal component 
analysis (PCA). PCA is a data driven method, and the data need to be pre-normalized. 
It is also recommended to remove the background from the interesting data and treat 
each volume as an observation. 

To be able to extract quantitative values from the dynamic PET data, kinetic model-
ling is used. For the modelling a reference is needed, and is usually acquired from 
blood samples. 

1.2 Aim 
The aim of the project is to develop an automatic method for generation of input 
function data, which are used for further modelling and analysis in human brain PET 
studies; using masked volume-wise principal component (MVW-PC) images, instead 
of blood sampling from an artery during the scanning time. 

1.3 Structure of the thesis 
The thesis is presented in this document, which is divided into five chapters. Chapter 
1 is a presentation of the premises for this work and chapter 2 gives background in-
formation to the methods used in the study. Chapter 3 documents the approaches 
taken and the algorithms used. The results of these methods are presented in chapter 
4. Chapter 5 contains thoughts about the results, a comparison with the aim of the 
project and ideas of how the research in this area can be continued. A list of literature 
that was used in this study is available at the end of the report. 



 
16



 
17

2 Background 
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2.1 Imaging modalities 
In the context of medical imaging, an imaging modality is any of the various types of 
equipment used to acquire images of the body. Tomography is a technique based on 
generating two-dimensional slices through a section of a three dimensional volume. 
Tomogram generating imaging modalities include computed tomography (CT), mag-
netic resonance imaging (MRI), positron emission tomography (PET), single photon 
emission computed tomography (SPECT) and combinations and variations of these 
[3]. Each imaging modality has its own advantage, and is therefore used for specific 
disorders and research areas. One way of grouping these imaging modalities is de-
pending on the information they generate. 

2.1.1 Anatomical information 
CT and MRI are used for generating anatomical information. Examples of the detailed 
anatomical images can be seen in figure 1. 

  

Figure 1 Left: CT image showing human torso.
1
 Right: MRI image of human head.

2
 

CT 

Computed tomography (CT) uses x-rays to visualize thin slices through the human 
body [4]. Detectors are placed on one side of the patient, and the x-ray source on the 
opposite. The tube (or sometimes two tubes) and the detector system spin around the 
patient while the patient is translated into the gantry (framework). This generates data 
from multiple angles [3]. 

MRI 

Magnetic resonance imaging (MRI) is based on the relaxation properties of excited 
hydrogen nuclei (single protons) and generates images with high structural definition. 

                                                 

1 Courtesy of Dr Jens Sörensen, Uppsala University Hospital, Sweden 

2 Department of Mathematics, Uppsala University, http://www.math.uu.se 
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The patient is placed in a stationary magnetic field, causing a small fraction of the 
protons to line up in parallel or anti-parallel direction compared to the field, which 
gives them different energy states. Radio frequency pulses are sent into the body, 
making the protons rotate in phase with the pulses and putting them in a state of 
higher energy. When the stimulation is turned off, the protons emit their excitation 
energy as a radio signal. This signal can generate a cross sectional image, where dif-
ferent proton densities are represented by brighter or darker areas in the image. An 
example is available in figure 1. Different relaxation times generate images with dif-
ferent contrast. T1-weighted images (using the shorter spin-lattice relaxation time 
between excitements) are used to differentiate between white and grey matter of the 
brain. T2-weighted images (using the longer spin-spin relaxation time) are used for 
investigation of diseased parts of the brain. Applications in research include diffusion 
MRI, which measures the diffusion of water molecules in biological tissues; multinu-
clear Imaging, which uses relaxation properties of other molecules than hydrogen; and 
in field research, where portable instruments use the magnetic field of the Earth [3]. 

2.1.2 Physiological information 
fMRI, PET and SPECT are used for generating physiological information. Examples 
of images from these imaging modalities can be seen in figure 2. 

       

Figure 2 Left: fMRI image of human brain.
3
 Middle: PET image of human torso.

4
 Right: 

SPECT image of human torso.
5
 

fMRI 

Functional magnetic resonance imaging (fMRI) is based on MRI and measures the 
haemodynamic response, the change in blood flow, related to neural activity in the 
brain. Haemoglobin has different magnetic properties depending on if it’s oxygenated 
or deoxygenated, making the signal dependent of the level of oxygenation. This al-
lows mapping of the functionality of different parts of the brain, seen in figure 2. The 
patient needs to lie still during the scan, which usually takes between 15 minutes and 
2 hours. Movement in excess of 3 millimetres will give unusable data. Images are 
usually taken every 1-4 seconds [5]. 

                                                 

3 Stanford Medicine, http://stanmed.stanford.edu 

4 Courtesy of Dr Jens Sörensen, Uppsala University Hospital, Sweden 

5 Courtesy of Dr Pasha Razifar, GE Healthcare, Sweden 
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PET 

Positron emission tomography (PET) is prepared by administrating radionuclide to the 
patient. In more than 95 percent of the studies the administration is done by injection, 
but it is sometimes performed by inhalation of gas or orally by taking a pill. When the 
radionuclide decays, a positron is emitted. The positron travels a few millimetres 
through the surrounding matter until it has lost its energy in collisions with electrons. 
It then annihilates with an electron, generating two photons, each with the energy 511 
keV, in anti-parallel directions. These photons are detected, approximately at the same 
time. Interaction between the photon and the crystal in the detectors generates light 
flashes that are converted to electronic pulses. PET generates images with biological 
and functional information about the kinetic behaviour of the radiotracer [3], which 
can be seen in figure 2. Since PET is the imaging modality that this thesis focuses on, 
details about it will be discussed in chapter 2.2. 

SPECT 

Single photon emission computed tomography (SPECT) counts single photons that 
are emitted by gamma emitting radiopharmaceuticals. Tracer is administrated intrave-
nously, and the patient is positioned into a gamma camera. Projection data are ac-
quired covering 360 degrees around the patient. The distribution of radiolabel mole-
cules is measured and gives functional or biochemical information [3]. 

2.1.3 Integrated imaging modalities 
Integrated imaging modalities are combinations such as PET/CT, PET/MRI and 
SPECT/CT built into the same camera. Figure 3 shows a PET/CT image, which is a 
combination of the CT image in figure 1 and the PET image in figure 2. 

 

Figure 3 PET/CT image of human torso.
6
 

                                                 

6 Courtesy of Dr Jens Sörensen, Uppsala University Hospital, Sweden 
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PET/CT 

PET/CT is a combination of PET and CT [6]. The CT data replace the transmission 
data used for attenuation correction and helps with localization of the structures [3, 7]. 

PET/MRI 

PET/MRI, similarly to PET/CT, uses image fusion to give co-registered images with 
both structural and functional information. This imaging modality is under develop-
ment, but can be done automatically with sufficient accuracy [8]. 

SPECT/CT 

SPECT/CT is a device containing a CT system and a gamma camera on a single gan-
try [9]. The SPECT procedure is performed, and then complemented with a CT trans-
mission scan. The transmission data are used for attenuation correction in the recon-
struction of the projections [3]. The data from the two imaging modalities are also 
merged into a composite image [9]. 

2.1.4 Differences and applications 
CT is faster and more cost efficient than MRI and gives relatively low noise magni-
tude in the images. This makes CT suitable for visualizing low-contrast objects [10]. 
This can be seen in figure 1. On the other hand, it can be hard to distinguish patho-
logical from healthy structures and different soft tissues from each other in the CT-
images, and the high radiation dose limits the possibility of repeated scans. CT is 
relatively unsuitable for diagnosing disorders in the brain, but is widely used when it 
comes to disorders in the chest, the pulmonary artery, the heart, the abdomen, the pel-
vis and the extremities. The high quality of the structural data makes full body CT 
data useful for training simulations in radiology (the study of methods for medical 
imaging) and diagnostic radiography (the use of ionising electromagnetic radiation to 
diagnose) [3]. 

MRI provides little information about the functionality of the brain. Medical or bio 
stimulation implants such as pacemakers are considered a contraindication, a risk-in-
creasing factor, towards MRI scanning because of the magnetic and radio frequency 
fields. Then again, when using MRI or fMRI, the patient is not exposed to radiation. 
MRI provides greater contrast between soft tissues than CT, and is therefore useful in 
neurological, musculoskeletal, cardiovascular, and oncological imaging [3]. A 
comparison between MRI and CT can be done in figure 1. 

PET has a high level of statistical noise that limits the efficiency [3]. The information 
about the radio-chemicals used for particular functions is capable of giving important 
support to research and diagnosis. It is used in oncology and drug development, and 
can also provide diagnosis in several neurological disorders such as schizophrenia, 
Alzheimer’s disease, Parkinson and phobia [11-14]. 

SPECT projections suffer from uncertainty in counting photons. Other weaknesses are 
the long time required for scanning, highly smoothed images and poor camera resolu-
tion, which can be seen in figure 2. It provides 3D information that can complement 
other studies. Therefore, it can provide information about localised function in inter-
nal organs, such as functional cardiac or brain imaging [3]. 



 
23

PET/CT has the advantages from both PET and CT. PET yields functional and bio-
chemical information with high sensitivity, while CT gives high quality structural im-
ages [6]. The combination has proved to increase the diagnostic value compared to 
each imaging modality used separately [15]. PET/CT has an important role in whole 
body imaging in oncology. It is more accurate than PET or CT alone for the depiction 
of malignancy. As in PET images, the high level of statistical noise limits the efficacy 
[3]. An example is shown in figure 3. 

PET/MRI offers advantages in research as well as in clinical situations, especially in 
neurology, but the MRI scan requires a relatively long scanning time [8]. Again, as in 
PET images, the high level of statistical noise limits the efficacy [3]. 

SPECT/CT hybrid studies give accurate localization of tumours, measurement of in-
vasion into surrounding tissues, and characterization of their functional status [8]. A 
weakness that comes with SPECT is the long scanning time needed [3]. 
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2.2 PET 
Positron emission tomography (PET) is a non-invasive tomographic technique used to 
obtain anatomical and physiological information in vivo in healthy as well as diseased 
organs and tissues. PET has proven to be a useful tool in diagnosing cancer and car-
diac diseases and has an increasingly important role in providing earlier diagnosis in 
several neurological disorders such as Alzheimer’s disease (AD), Parkinson, phobia, 
epilepsy and cancer [3]. 

Modern PET cameras mainly consist of a translating bed surrounded by a set of de-
tector rings, see figure 4. The detector rings contains crystal detectors (over 18.000 
detectors) capable of creating a large number of trans-axial images, depending on the 
scanner [3]. 

      

Figure 4 The outside (left) and inside (right) of the PET camera GE Advance Nxi.
7
 

There is a wide range of different tracers used in PET. Radionuclides are created us-
ing a cyclotron or generator and are incorporated into a compound designed to follow 
a specific biochemical and physiological path. The radionuclides used when creating 
PET tracers are short lived, reducing the amount of radiation exposure to the patient, 
see table 1. This also makes it possible to perform several scans on the same patient 
using the same or different kinds of tracer [3]. 

Denotation β+ energy [MeV] β+ range [mm] Half-life [min] 
 11C 0.96 1.1  20 
 15O 1.70 2.5  2 
 18F 0.64 0.6  110 
 68Ga 1.90 2.9  68 

Table 1 Properties of commonly used isotopes in clinical PET studies. 

The technique is based on detection of positron-electron annihilation events. When 

performing a PET scan a positron (β+) emitting radioactive tracer is administered to 
the patient before or during the scan.  When the substance decays it emits a positron, 
which after travelling a short distance, typically a few millimetres, annihilates with an 
electron in the surrounding tissue. This annihilation event yields two co-linear, anti-

                                                 

7 General Electric, http://www.ge.com 
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parallel, photons with energy of 511 keV each. If the photons are detected on opposite 
sides of the detector ring within a timing window of about 10-12 ns (a photon travels 
~3 m in 10 ns) the event is registered as a true coincidence. When a 511 keV photon 
hits one of the crystals a light flash is emitted and registered by a photo-detector. The 
light flash is converted to an electrical pulse that is registered by the camera’s elec-
tronics [3]. 

After a detector has detected a photon it is paralysed for a short period of time. During 
this so-called dead time the detector cannot detect any photons. Apart from dead time 
there are a number of different factors that affect the precision of the scan result, two 
major factors are random coincidences and scattered coincidences. Random coinci-
dences are detections originating from two different annihilations, but whose gener-
ated photons hit opposite detectors within the time-window. Scattered coincidences 
are detections in which one or both of the photons have been scattered in the tissue 
before hitting the detector, resulting in a line of response (LOR, the line through the 
detectors detecting the coincidence) that does not correspond to the position of the 
annihilation [3]. 

PET images used for investigations of the body are usually acquired as a set of sta-
tionary images across the body. PET studies of the brain are often performed dynami-
cally, meaning that the acquired data are a set of images from the same volume but 
from different time intervals. This makes it possible to analyse the kinetic behaviour 
of the used tracer in different parts of the brain. These multivariate image sets can be 
used to obtain physiological, biochemical and functional information of the brain [3]. 

2.2.1 Noise 
In traditional PET scanners the main sources of noise are in decreasing order of mag-
nitude: emission, transmission and blank scan. With newer attenuation correction 
modes, for example CT, the noise from emission is clearly dominating. The detector 
system only affects the magnitude of the noise while the recording system, various 
corrections, the reconstruction method and its parameters also affect the correlation 
and alters the distribution of the noise [16]. 

Due to limitations in the amount of radioactivity administered to the subject, the usu-
ally short half-life of the radionuclide and limited sensitivity of the recording system, 
a high level of noise typically characterizes PET images. This together with a high 
level of non-specific binding and a sometimes small difference in target expression 
between healthy and pathological areas are factors, which make the analysis of PET 
data difficult independent of the utilized radionuclide or type of experiment. This 
means that the individual images may not be optimal for the analysis and visualization 
of physiology and pathology [3]. 

2.2.2 Reconstruction algorithms 
The two most commonly used methods for reconstructing tomography data are fil-
tered back-projection (FBP) and ordered subset expectation maximization (OSEM). 
FBP is an analytical method, which is computationally efficient and generates rela-
tively high noise variance in regions with low signal. OSEM on the other hand is an 
iterative method that produces noise that is more dependant of the signal than FBP. In 
regions with high signal the noise variance is high while regions with low signal have 
low noise variance [17]. 
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2.3 PCA 
Principal component analysis (PCA), also known as Hotelling or Karhunen-Loève 
(KL) transform, was discovered by Karl Pearson in 1901. It is an unsupervised 
method concerned with explaining the variance-covariance structure through linear 
combinations of the original variables. Each linear combination y, known as principal 
component (PC), is chosen so that it maximizes the variance of the data; under the 
constraint that the norm of its weight vector e equals one and that the new PC is un-
correlated to all previous PCs. Even though there are p original components a large 
part of the systems total variability can often be accounted for by a small number of k 
PCs. The k PCs can then replace the p initial variables without any significant loss of 
information. PCA’s general objectives are data reduction and interpretation [18]. 

2.3.1 Algorithm 
Each observation x1, x2, …, xp is stored as a row vector in the input matrix X. 
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Let Sx be the unbiased estimate of the covariance matrix associated with X = [x1, x2, 
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If SX has the eigenvalue-eigenvector pairs (λ1, e1), (λ2, e2), …, (λp, ep) where λ1 ≥ λ2 ≥ 
… ≥ λp ≥ 0, the i:th principal component is given by 

ppiiiii e...ee xxxX +++== 2211

Tey , pi ,...,2,1=  

The variance is given by  

iiiiVar λ== eSey X

T)( , pi ,...,2,1=  

The covariance is given by 

0),( T == kikiCov eSeyy X , ki ≠  

[19] 
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2.3.2 Pre-normalizations 
It is often preferred to normalize data prior to PCA, for reasons that depend on the ap-
plication. The data are mapped to a new set of pre-normalized variables Z [3]. 

If observations are known to have a non-zero expectation value it should be sub-
tracted from the observation to avoid PC1 to always point in that direction. In many 
data sets, the expectation value is unknown but can be estimated by the arithmetic 
mean. In many implementations of PCA removal of the arithmetic mean is the default 
option [3]. 

iikik xxz −=  

Observations may have different variations in the measurements and PCs from non-
normalized data are in general not invariant to this. If it is known that observations do 
not have variance equal to one, a common approach is to standardize the variables. 
Standardized variables have variance and mean equal to one and zero respectively, 
and are obtained by removing the mean and dividing with the standard deviation. 

i
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si is the estimated standard deviation of the observation i. When using pre-normaliza-
tion to standardized variables PCA will choose eigenvectors based on correlation in-
stead of covariance [19]. 
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2.4 Quantification approaches in PET 
Images created using PET can be used to obtain quantitative information about the 
functionality of the human brain. When using summation methods or averaging meth-
ods, the noise level in the resulting images is relatively low, but information about 
different kinetics is reduced. Using kinetic modelling approaches the difference be-
tween healthy and pathological regions is improved but the noise level can be very 
high due to lack of signal-to-noise ration (SNR) optimisation in the methods. Instead 
of these, masked volume-wise PCA (MVW-PCA) can be used on the images and 
without any modelling assumptions the image qualitative features such as noise and 
differences between healthy and pathological regions can be improved. Even though 
when measuring in MVW-PC images the quantitative information is lost, the diag-
nostic value of the resulting image is sometimes better than in the other mentioned 
methods [3]. 

The major advantage with PET when comparing to other tomographic imaging mo-
dalities such as MRI or CT, is the ability to acquire quantitative measurements of 
functionality in different parts of the brain. This is of great importance when compar-
ing images taken before and after a treatment of a patient. However some of the 
methods used on PET data when trying to achieve a good quantitative measurement 
suffer from different drawbacks such as high levels of noise or high correlation be-
tween regions that in reality have different kinetic properties [3]. 

Dynamic PET images can be further processed and modelled using different kinetic 
modelling techniques, such as the Patlak plot or the Logan plot, to extract quantitative 
values of a desired physiological, biochemical or pharmacological entity. See figure 5 
for an overview of the Logan model and the Patlak model. Kinetic models need the 
determination of a so-called plasma input function. The input function is the time 
course of the concentration of activity in the blood plasma with metabolite correction, 
often measured in nCi/cm3. 1 Ci is the activity of the radium isotope 226Ra, to com-
pare with 1 Bq, which is defined as the activity of a quantity of radioactive material in 
which one nucleus decays per second (1 Ci = 3.7·1010 Bq). 

To obtain the plasma input function, blood sampling from an artery is performed 
during the scanning procedure, which is not a risk free procedure. The blood sampling 
is performed with short sampling intervals in the beginning of the scan, and with 
longer and longer intervals towards the end. Sometime, a reference region (region 
which is void of specific binding) can be used. If, however, specific binding in the 
reference region is present or if the model cannot verify the binding in the target re-
gion during the investigation, the modelled data are no longer valid [20, 21]. The fast 
kinetic behaviour in the blood is clearly visible in figure 6, which shows an example 
of an input function, and a time-activity curve (TAC) measured on the cerebellum. 



 
29

Cplasma Cfree+non specific Cspecific

K
1

K
3

K
4Blood vessels K

2 Brain

Cplasma Cfree+non specific Cspecific

K
1

K
3

K
3

K
4Blood vessels K

2 Brain
 

Figure 5 The Logan model, used for reversible kinetic behaviour. The Patlak model is 

similar, but used for irreversible processes, which means that K4=0.
8
 

      

Figure 6 Left: An example of an input function, measured on blood samples. Right: An 

example of a TAC from cerebellum. 

2.4.1 Summing or averaging 
A standard method for reducing noise and improving quantitative estimates in PET 
images is to sum or average images from a chosen time span. One of the major draw-
backs of this method is that it has a tendency to reduce differences between regions 
with different kinetic properties. The summation is usually performed over parts of 
the sequence where the signal is proportionally larger. Since the signal is higher in the 
beginning of a scan this also means that the acquired image depends more on the early 
frames. The early frames are from when the tracer is flowing between regions, and 
has not bound to its target much, and therefore this will not emphasize what the tracer 
is binding to. It is possible to improve the results by summing images from appropri-
ate intervals of time, but when using data acquired later in the scan, the level of noise 
will increase significantly leading to loss in quantitative information [3]. Typical re-
sults from summing can be seen in figure 7. 

                                                 

8 Courtesy of Dr Pasha Razifar, GE Healthcare, Sweden 
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Figure 7 Summation image. Top: image from AD patient. Bottom: Healthy volunteer.
9
 

2.4.2 Kinetic modelling 
Another method used when analysing dynamic PET images is kinetic modelling. The 
aim of kinetic modelling is to increase differences between healthy and pathological 
regions of the brain. One of the most well known kinetic modelling methods is the 
Patlak plot [21]. In the Patlak plot the ratio between a target region and a radioactive 
reference region is plotted against a modified time, obtained as the time integral of the 
reference radioactivity divided by the current radioactivity. The reference radioactiv-
ity can be that of plasma or an internal region such as the cerebellum (CBL). This 
Patlak plot is appropriate to use when the accumulation of tracer in the target region 
can be described as irreversible during the PET study, that is, when the tracer has 
been bound to a region it decays but is not transported away. The reference region 
must be chosen where there is no specific binding with the tracer and thus be repre-
sentative of a region with free tracer. If these both requirements are fulfilled a least 
squares fit can be done to the plot mentioned above and the slope of the acquired lin-
ear plot will be proportional to the accumulation rate in the region of interest (ROI) 
[3]. 

With this method it is possible to evaluate each pixel and thereby create a parametric 
image representation of the accumulation rate. However the Patlak method has no 
SNR optimisation and the parametric image obtained suffers from high levels of 
noise. Some other kinetic modelling methods are; Logan plots and population ap-
proaches. Common for all kinetic modelling approaches is that they suffer from noise, 
especially when the used data are noisy or if the reference region contains any specific 
or unspecific binding [3]. Typical results from the Patlak model can be seen in figure 
8. 

                                                 

9 Courtesy of Dr Pasha Razifar, GE Healthcare, Sweden 
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Figure 8 Patlak image. Top: image from AD patient. Bottom: Healthy volunteer.
10

 

2.5 Factors that affect quantification 
The quantification is affected by technical and practical factors. Among the technical 
factors are errors in attenuation correction and scatter correction. Different recon-
struction algorithms will result in different quantitative values [2]. When a single 
voxel (volume element) contains a mixture of multiple tissue values, the partial vol-
ume effect occurs. This will also have influence on the quantification. Very important 
practical factors are slow and large movements of the patient and fast and small mo-
tion of the organs during the scan. This is due to heartbeats and the motion of the 
lungs and will blur the images. Other practical factors can be measuring errors re-
garding the amount of administered tracer, timing errors and mistakes when defining 
the volume of interest (VOI) in which the measures are made [3]. 

                                                 

10 Courtesy of Dr Pasha Razifar, GE Healthcare, Sweden 



 
32



 
33

3 Methods 
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3.1 MVW-PCA 
PCA can be performed on a set of images of any dimension, for example images of an 
object from different points in time. PCA will then separate the images into PC-im-
ages where early PCs describe most of the variance within the input. This has been 
used on dynamic PET images resulting in images with high contrast between areas 
with different tracer kinetics. PCA can be performed with either slices or volumes as 
observations, and either on the whole data set or on selected parts [22]. 

When performing 2D reconstructions each slice tends to have varying levels of noise. 
Since PCA cannot separate variance due to signal from variance due to noise, it is de-
sirable to have each slice scaled with the standard deviation of the noise to get unit 
noise variance in every slice. Background noise pre-normalization uses a mask to 
separate the background from the VOI. A condition for background noise pre-nor-
malization to function optimally is that the standard deviation of the background in 
each slice is proportional to the standard deviation of the noise in the data within that 
slice. This is used on data reconstructed with FBP, but does not work properly when 
the data have been reconstructed with OSEM. 
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bw is the estimated standard deviation for the samples within the background of slice 
w where the pixel k is located [22]. 

Previously, using various tracers, it has been shown that images with improved SNR 
and discrimination power are generated by proper application of multivariate image 
analysis techniques called slice-wise PCA (SW-PCA) and masked volume-wise PCA 
(MVW-PCA). These images contain more detailed anatomical information and are of 
higher quality, higher precision and higher contrast compared to images generated 
using other methods. It has been shown that MVW-PCA can be used as a multivariate 
analysis technique that without modelling assumptions can separate the data into 
component images that contain different kinetic information, for example blood flow 
or tracer accumulation [22]. 

In MVW-PCA, the whole image volume from each frame is used as an observation 
for input to PCA. This will avoid inconsistencies between the different slices, and re-
tain the fact that the input data are an image of a volume, not a collection of slices. 
The object in the images is masked in order to separate the data from the background 
from the data from the scanned object. The masking can be done using transmission 
data, or preferably using CT data. The background data is used for pre-normalization 
of the images. Only the data from the scanned object are used as input to PCA, to 
make sure the analysis is driven by the part of the signal that contains interesting in-
formation. An overview of MVW-PCA is given in figure 9 [22]. 
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Figure 9 An overview of the method MVW-PCA. 
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3.2 Synthetic images 
The results of multivariate image analysis methods when used on dynamic PET data 
can be studied using synthetic images with properties similar to those from a PET 
scan. We used this as a starting point for our work, since the performance of PCA on 
synthetic images is more predictable and more easily understood. In this study MAT-
LAB (The Mathworks Inc, Natick, Massachusetts) has been used to create various 
dynamic image sequences. The kinetic behaviours in the image sequences depict the 
kinetic behaviours of a PET tracer in different parts of the human brain. The images 
are 128×128 pixels in size and contain 4 different kinetic areas. In order to simulate 
the field of view, a background circle is also present in all frames and its amplitude is 
constantly 0.001. An example of a synthetic image sequence can be seen in figure 10. 

 

Figure 10 Synthetic images containing noise. Left: An example of a frame. Right: A se-

quence that should be seen along rows starting from upper left corner and ending in lower right. 

All of the sequences included in the study use the same kinetic behaviour, depicting 
the typical TACs in cerebellum (CBL), occipital cortex (Occip), frontal cortex 
(FrntCx) and white matter (WhitM) when using the tracer Pittsburgh compound-B 
(PIB). Equation 1 was used with the parameters in table 2, which generated the curves 
seen in figure 11. The structures were placed in the images according to figure 12. 
The mean value of the noise had a constant value of zero in all but one study, in 
which it followed the function shown in figure 11. The kinetic behaviour of the noise 
was changed between the different sequences. Normal distributed noise using the ki-
netic in equation 1 and table 2 as the standard deviation was added. The noise in raw 
PET data is usually considered to be Poisson distributed, but after reconstructing the 
image sequences from raw data, using for example FBP, the noise can be considered 
to be approximately normal distributed. Both correlated and uncorrelated noise was 
studied. Correlation was added to the noise and using convolution with a Gaussian 
point-spread function. This image series served as input data for PCA, which gener-
ated weight functions, which were used to create principal component images. 

)1()( tt eetk ⋅−⋅− −⋅= γβα  (Equation 1) 
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Structure α β γ 

Noise (std) 1.4 0.030 1.5 
CBL (mean) 4.0 0.040 0.8 
FrntCx (mean) 3.0 0.010 1.0 
WhitM (mean) 1.5 0.007 0.7 
Occip (mean) 3.5 0.020 1.0 

Table 2 The parameters for equation 1. 

 

Figure 11 Left: TACs in each structure. The curve for the mean value of the noise is only 

used in some studies. In most studies, the mean value of the noise was zero in all frames. 

     

Figure 12 Left: Structure of the synthetic images. Right: The mask used to define the back-

ground (black areas). 

Since PCA cannot separate variance due to signal from variance due to noise in PET, 
pre-normalization needs to be applied prior to PCA. Pre-normalization transforms the 
data set to a new data set, from which the signal can be extracted more easily. PCA 
was performed on data without pre-normalization and with two different methods for 
pre-normalization, and the results were studied. To be able to compare the component 
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images more easily, their signs were changed if the sum of the first 5 weights was 
below 0. 

The first method, “Image noise pre-normalization”, consisted in standardizing the 
variables, as in equation 2. This was done by removing the mean and dividing the 
value xik of each pixel k in the image i by the standard deviation si. 
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The second method, “Background noise pre-normalization”, was similar, but per-
formed with the standard deviation from only the background of the image. The back-
ground was defined as the pixels outside a mask corresponding to the constant back-
ground circle, see figure 12. Since this study was performed on one synthetic slice per 
frame, background noise pre-normalization can be expressed with equation 3. 
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Noise with different characteristics was added to the signal, see figures 13 and 14. 
The correlation applied reduces the standard deviation of the noise, and therefore 
yields an image where the structures are more easily distinguishable. 

      

Figure 13 Left: Input sequence with noise without correlation. Right: Input sequence with 

noise with correlation. 
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Figure 14 Noise with correlation and varying mean value. Left: the synthetic data set. 

Right: TACs for the sequence with varying mean. 
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3.3 Generation of input function from clinical data 
This part of the study was performed using dynamic PET data from several scans of 
human brains. The tracer was 11C-labelled PIB, and the subjects were AD patients and 
healthy volunteers. The image data were collected during 60 minutes, but the time 
was divided into frames in two different ways. The time protocols can be seen in table 
3. 

Frame 
number 

Frame length for 24-
frame scan [min] 

Frame length for 15-
frame scan [min] 

 1  0.5  1 
 2  0.5  1 
 3  0.5  2 
 4  0.5  2 
 5  1  2 
 6  1  3 
 7  1  3 
 8  1  3 
 9  1  3 
 10  1  5 
 11  1  5 
 12  1  5 
 13  1  5 
 14  3  10 
 15  3  10 
 16  3  
 17  5  
 18  5  
 19  5  
 20  5  
 21  5  
 22  5  
 23  5  
 24  5  

Table 3 The time protocols used during the collection of the data. Both types of scans 

last 60 minutes, but the time was divided into frames in two different ways. 

The method first aimed at selecting a VOI. This was done by performing MVW-PCA, 
selecting the relevant PC, calculating its local maxima, selecting two of the local 
maxima and selecting a volume around them. After finding the location of the veins, 
an average of their signal in the original dynamic data set was formed. Finally, correc-
tion was performed on the curve. 

3.3.1 VOI selection 
It is necessary to automatically find the locations of the veins in the data set. Their lo-
cations are shown in figure 15. The volume of interest (VOI) consists of the pixels 
containing the information regarding the radiation in the blood. This was done by per-
forming MVW-PCA, selecting the relevant component, and finding the veins. 
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Figure 15 A slice from a MVW-PC3, showing the location of the veins. 

MVW-PCA 

The dynamic PET data were masked and the background was used to pre-normalize 
the data. MVW-PCA was performed using each frame as an observation. 

Studies were made using different number of frames of the data set as input for 
MVW-PCA, such as using only the first three frames or the whole sequence. Follow-
ing the results, the rest of the study is based on MVW-PCs generated from all frames. 

MVW-PC selection 

The method does not simply state that a certain MVW-PC should be used when 
searching for the veins, but evaluates the MVW-PCs to see which one to use. Since 
the tracer goes into the blood quickly, with a kinetic behaviour that is different from 
the rest of the brain, it is possible to find the blood vessels in a separate MVW-PC. 
This component must therefore have significant weights for early frames. Two rules 
for selecting the right MVW-PC were evaluated. Both consisted in summing the early 
weight factors for each MVW-PC, and comparing the absolute values of this sum. 
The MVW-PC with the highest absolute sum was considered the relevant one. The 
first, called the frame-rule, considered the weights for the first three frames. The 
other, the time-rule, considered the weights for the frames in the first sixty seconds, 
which corresponds to a different number of frames for different data sets. This is be-
cause of the different frame lengths used, shown in table 3. The time-rule is the one 
that is used in the rest of the study. 

Manual VOI selection 

Before finding an automatic method for detecting the location of the veins the rele-
vant MVW-PC was inspected visually. 

Calculation of local maxima 

The automatic method for vein detection is based on 3D non-maximum suppression. 
Non-maximum suppression consists in detecting the pixels that are local maxima 
within a specific neighbourhood. This was achieved by iterative dilatation with a 
spherical structure element. Since the distances between the pixels were not the same 
in all directions, this corresponds to an ellipsoid in the pixel space. This method was 



 
43

used on five different data sets, in order to find the optimal size of the structure ele-
ment and the optimal number of iterations. The aim was to minimize the number of 
detected maxima that were not situated in the veins, under the constraint that both 
veins should be detected. 

Selection of local maxima 

Some points found by non-maximum suppression were due to noise and some do not 
represent the veins, but some other structure that is captured by the same MVW-PC. 
The method for choosing the right maxima was based on choosing the two positions 
with the strongest amplitude in the MVW-PC, and two steps were taken to assure that 
these were the veins. 

The first step was to low-pass filter the whole MVW-PC with the same structure ele-
ment that was used for the dilatation in the non-maximum suppression. The second 
step was to consider the position of the local maxima. Since anatomical information 
could give information of the location of the veins, this was used to calculate an ap-
proximate probability for each point to belong to a vein. Five data sets were analysed 
with non-maximum suppression, and the results were visually inspected. Two meth-
ods were tested, one in 2D and one in 3D. The locations of the right and left veins 
were noted, and the mean and standard deviation for the positions were calculated. 
The positions of the veins were assumed normally distributed with the estimated mean 
and standard deviation. In the 2D case, this led to a probability slice, and in the 3D 
case it led to a volume of probabilities. This method does not use a threshold to 
choose the interesting region, but instead gives each point a probability between 0 and 
1. The low-pass filtered MVW-PC was scaled with this probability function, and fi-
nally the two maxima with highest amplitude in the product were considered centre 
pixels for the veins. 

Creation of VOIs 

VOIs of different sizes were created around the detected centre pixels. The VOI size 
generating the smallest sum of residuals for all three data sets during the test phase 
was chosen as the optimal and final VOI size. This VOI consisted of the centre pixel 
and its four closest neighbouring pixels in the same slice. 

3.3.2 Averaging 
Once the locations of the veins were found, the study returned to the original data. A 
number of pixels were found, but some of these were located outside the veins or 
were subject to noise. Similarly to when the MVW-PC was chosen using a frame-rule 
or a time-rule, the pixels were evaluated depending on their signal in the first three 
frames or the frames from the first sixty seconds. The signal in one pixel is its ampli-
tude in the original data set as a function of time, a time-activity curve (TAC). The 
first averaging method studied, the interval method, formed a mean of all the TACs in 
the VOI, and created a confidence interval around this mean. The pixels that had am-
plitudes in the early frames within this confidence interval were saved, and from them 
an average TAC was calculated. 

Another method for evaluating the TACs, based on “kernel density estimation” [23], 
was developed. In a space spanned by the frames from the first sixty seconds, each 
TAC was considered a point with its amplitude in each of the frames as the respective 
coordinates. The distances between the TACs were measured and used as input to a 



 
44

Gaussian function. The outputs of the Gaussian function are summed for each TAC. 
This yields the sum of the Gaussian function of the distances from each TAC to all the 
others, and is used to evaluate the TACs. This method can be better understood by 
imagining the TACs as points in a plane spanned by the first two frames. 2D Gaussian 
bell curves were added, with their centres in the positions of the TACs. The height of 
this surface was then examined, evaluating each TAC with the height in the point 
given by the TAC. 

This step depended on a parameter, namely the standard deviation of the Gaussian 
kernel. A small standard deviation makes close neighbours important, and therefore 
finds groups. A large standard deviation makes all neighbours important, and there-
fore finds the centre. Both these aspects were interesting. It seemed likely that the in-
teresting signal was found in a group of neighbouring TACs and close to the mean. If 
the standard deviation were chosen much too large, all the TACs would have the same 
height in the surface. This was because a very wide Gaussian would essentially be 
flat, so the sum of the Gaussians would also be flat. The output of the Gaussian would 
approximately be the same for the longest distance as for the shortest distance. On the 
other hand, if the standard deviation was chosen too small, no two TACs would be 
close enough to each other to add to the surface of the other TAC. The output of the 
Gaussian would be approximately zero for all distances. These two extremes were 
therefore useless, so a method to find the appropriate standard deviation was devel-
oped. The optimal middle between the extremes was considered found when the stan-
dard deviation of the sums of the outputs of the Gaussian was maximal. These 
weighted distances were scaled to sum to one, so they could be used as weights in the 
averaging process. 

Each TAC was scaled with its calculated weight, and then the sum was formed to cre-
ate a single TAC representing the radiation in the blood. 

3.3.3 Scaling to input function 
Several input functions were available. They were all sampled at different time points, 
so interpolation was needed in order to compare them with each other. The results of 
four interpolation methods were studied. These methods were: “linear interpolation”, 
“nearest neighbour interpolation”, “piecewise cubic spline interpolation” and “shape-
preserving piecewise cubic spline interpolation”. In the rest of the study, “shape-pre-
serving piecewise cubic spline interpolation” is used. 

Fourteen input functions were used to form an average input function, the aim of this 
being to have a goal function, which the previously created vein TAC (vTAC) should 
be made to resemble. The average input function is shown in figures 16 and 17. 
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Figure 16 Mean of input functions, shown with standard deviation. 

      

Figure 17 Mean of input functions, shown with standard deviation (first six minutes). Mean 

of input functions, shown with standard deviation (low amplitudes). 

The weighted average of the TACs needed to be scaled in order to correspond to the 
input function that is acquired from blood sampling. To find the appropriate function, 
the PET data from one scan were compared with a mean of fourteen input functions. 
The cross correlation between the weighted average of the TACs, the vTAC, and the 
mean input function was calculated, and the time lag was corrected accordingly. The 
ratio vTAC/Input function was plotted. The function from vTAC to Input function 
was decided to be a linear function of time, by which the vTAC should be divided to 
result in the Input function. The optimal line was found by minimizing the resulting 
mean square error between the scaled vTAC and the Input function. Five data sets and 
their measured input functions were used for testing and validating. From three data 
sets, the optimal VOI size and the optimal line for scaling were found when the 2-
norm, the root of the sum of the squares, of the residual between the scaled vTAC and 
the input function was minimized. The final scaling line was chosen using the arith-
metic mean of the slopes and the arithmetic mean of the y-intercepts for the optimal 
VOI size. To see the final results of the algorithm, it was performed on two data sets, 
to generate their input function. The generated input function was then compared with 
the input function measured at the time of the scan. 



 
46



 
47

4 Results 
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4.1 Synthetic images 
Figures 18 to 24 show the results from PCA on synthetic images with different noise 
features and different pre-normalizations. A large difference in the contents of the late 
components can be seen when comparing the different pre-normalizations. When 
analysing images with uncorrelated noise, see figure 20, without pre-normalization, 
PCA only yields significant information in the first component. In contrast, when 
analysing images with correlated noise, see figure 22, without pre-normalization, 
PCA also generates information in the second component. The image noise pre-nor-
malization compared to the background noise pre-normalization tends to switch 
places of the second and third PC, also the image noise pre-normalization yields a less 
uniform result in the later PCs, this is most visible in the Occip region. 

The first component is similar independent of the pre-normalization, but the normali-
zations yield PC1 images with less noise. 

A difference between the results using background noise pre-normalization and image 
noise pre-normalization is that the information in PC2 and PC3 switch places. 

When looking at the second PC image in the case without noise in figure 18, it can be 
observed that Occip has a value close to zero, while CBL has a relatively high value. 

   

Figure 18 Principal components as images (left) and weight functions (middle) from PCA 

on synthetic images with no noise. TACs are displayed to the right. 

 

Figure 19 Measures on noise with no correlation. The standard deviation as a function of 

time for the background noise. 
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Figure 20 Principal components as images and weight functions from PCA on synthetic 

images with uncorrelated Gaussian noise. Top: no normalization, middle: image noise pre-normaliza-

tion, bottom: background noise pre-normalization. 

 

Figure 21 Measures on noise with correlation. The standard deviation as a function of time 

for the background noise. 
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Figure 22 Principal components as images and weight functions from PCA on synthetic 

images with correlated Gaussian noise. Top: no normalization, middle: image noise pre-normalization, 

bottom: background noise pre-normalization.   

 

Figure 23 Measures on noise with correlation and varying mean value. The standard 

deviation as a function of time for the background noise. 
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Figure 24 Principal components as images and weight functions from PCA on synthetic 

images with correlated Gaussian noise with mean value set to ½ times the standard deviation of the 

noise. Top: no normalization, middle: image noise pre-normalization, bottom: background noise pre-

normalization. 
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4.2 Generation of input function from clinical data 

4.2.1 VOI selection 

MVW-PCA 

In figures 25 and 26, results from performing MVW-PCA on all frames of a data set 
are illustrated. The veins are visible in the lower left and lower right part of each slice 
in the relevant PC. 

 

Figure 25 The first three weight functions from performing PCA on all frames. 

 

Figure 26 The relevant slices from the relevant MVW-PC generated when performing PCA 

on all frames. 

In figures 27 and 28, results from performing MVW-PCA on the first three frames are 
illustrated. In MVW-PC2, which was where the veins were most easily distinguished, 
it is not as easy to see the veins as in figure 26. 
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Figure 27 The three weight functions from performing PCA on the first three frames. 

 

Figure 28 The relevant slices from the relevant MVW-PC generated when performing PCA 

on all frames. 

MVW-PC selection 

The MVW-PC with the highest absolute value of the sum of the first three weights 
was not always the MVW-PC where one could visually detect the veins. Figures 29 to 
31 show the results from performing MVW-PCA on the first four frames. The veins 
are easier to locate in MVW-PC2 than in MVW-PC1, which indicates that the time-
rule should be considered when selecting PC. 
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Figure 29 The first three weight functions. When using the frame-rule, MVW-PC1 is se-

lected. When using the time-rule, MVW-PC2 is selected. 

 

Figure 30 Slices from MVW-PC1, selected when using the frame-rule. 
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Figure 31 Slices from MVW-PC2, selected when using the time-rule. 

Manual VOI selection 

Figures 32 and 33 illustrate a visual inspection of the MVW-PC. 

 

Figure 32 Slices 28-63 from MVW-PC2, which are the slices where it is possible to find the 

veins (based on anatomical information). The veins are best seen in the two middle rows, which corre-

spond to slices 40-51. 
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Figure 33 Sum of slices 46 and 47 from MVW-PC2. Two ROIs were chosen from this im-

age, with five pixels in each vein. The ROIs were formed as a centre pixel and its four adjacent 

neighbours. 

Calculation of local maxima 

The results of non-maximum suppression are shown in figure 34. This is an image 
with dynamic range of signal, but with added value to the pixels at each maximum 
and around it. The four maxima are therefore visible as pixels in yellow or orange. 
One maximum was found in slice 39 (top row), two maxima were found in slice 45 
(bottom row) and one maximum was found in slice 48 (bottom row). This can be 
compared with figures 35 and 37, which show the same slices from the same MVW-
PC, and visualizes the maxima in the same way. It is visible that some of the local 
maxima are found in the veins, and some elsewhere. 

 

Figure 34 The location of the maxima in the MVW-PC’s slices 37 to 48 shown with yellow 

or orange pixels. This suggests using slices around 45 for the left vein and around 39 for the right vein. 

The optimal ellipsoidal structure element for non-maximum suppression on the test 
data was three pixels high, and seventeen iterations were performed. 
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Selection of local maxima 

The low-pass filtered MVW-PC can be seen in figure 35. 

 

Figure 35 Slices 37 to 48 of MVW-PC2 (with hits shown) after filtering. 

The 2D probability function used for scaling in early stages only took into considera-
tion the position of the veins in left to right direction. Each slice in the image volume 
was scaled with the probability image in figure 36, with high values along the lines 
where it is likely to find the veins. In figure 37, it is visible that some points in the 
MVW-PC have been scaled with numbers close to zero, and are therefore black. This 
scaled amplitude sorts the local maxima, and this way an assumption based on ana-
tomical knowledge helps in finding the right maxima. 

 

Figure 36 The 2D version of the probability function used for scaling. 
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Figure 37 The scaled result, using the 2D version of the probability volume. 

The 2D method, which was to multiply every slice with the same probability function, 
was not enough to assure that the two strongest hits were located in the veins. A 
modified approach, considering all three dimensions, was developed. Similarly, each 
point in the volume was scaled with the corresponding point in the probability volume 
in figure 38. Figure 39 shows such a scaled slice where two maxima were found. One 
of the maxima was located in a position with high probability to be a vein, and the 
other in a position with low probability to be a vein. 

 

Figure 38 The 3D version of the probability volume used for scaling. 
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Figure 39 The scaled result, using the 3D version of the probability volume. 

When using the complete 3D probability model, the two strongest hits in the product 
of the filtered MVW-PC and the probability volume indicated the veins for all tested 
data sets. 

Creation of VOIs 

The VOIs in the early study were 10 pixels large for each vein, with the centre pixel 
and its 4 closest neighbours from 2 slices. 5 mean TACs were calculated for each vein 
by averaging the two slices. The results can be seen in figure 40. As expected, the 
TACs have similarities with the input functions. Comparison can be made between 
figure 40 below and figure 16 in chapter 3. This method contained averaging at an 
early stage, and was not used in the final version of the algorithm. The final VOI size 
was determined during the scaling of the curve to measured input function, see section 
4.2.3. 

   

Figure 40 Left: TACs from original data as a function of frame number for each pixel in 

the ROI. Five TACs from one vein (blue), and five from the other (green). Each TAC is the mean value 

of the same row and column in the two chosen slices. Right: Mean values of the TACs of both veins. 

4.2.2 Averaging 
The interval method selected TACs close to the mean TAC. The result from this 
method is shown in figure 41, where TACs close to the mean have been selected. 
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Figure 41 The results of the interval method: TACs that are within the limits in frames 2 

and 3 are selected. 

The method based on kernel density estimation for calculating the weights was based 
on the distances between the TACs. Measuring the distances in the first three frames 
generated figures 42 and 43. Three of the TACs had similar behaviour in the early 
frames, which was detected by the kernel density estimate and led to assigning large 
weights to these TACs. 

     

Figure 42 Left: TACs were placed as points in a space spanned by two of the early frames. 

The three TACs that received weights above the mean weight are marked with red crosses. Right: The 

output of the Gaussian kernel, the weighted distances. The three TACs that are marked in the image to 

the left are TACs number 7, 9 and 10 in the image to the right. 
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Figure 43 The three TACs, here in red, with the highest output of the Gaussian were se-

lected. 

When searching for the appropriate method to use when choosing the standard devia-
tion of the Gaussian kernel, its outputs for several different standard deviations were 
studied. Figure 44 shows the standard deviation of the output for six different standard 
deviations of the kernel, in increasing order. The limits of the functions, as the stan-
dard deviation approached zero or infinity, was zero. This limit will result in that all 
TACs will be given the same weight, which is not desired. Therefore, the standard 
deviation of the kernel will instead be chosen so that it maximizes the standard devia-
tion of its output. 

   

Figure 44 The standard deviation of the output of the Gaussian for six different Gaussians, 

with increasing standard deviation. 

Using the above method for calculating the weighted average, further studies on VOIs 
of different sizes were performed. Figures 45 to 47 illustrate the results. Figure 46 
shows the weights for each TAC, calculated with kernel density estimate. The TACs 
in figure 46 are chosen starting from the closest neighbours and selecting them in or-
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der of the distance to the centre pixel. The linear fit made on the data for the large 
VOI shows that pixels tend to get a smaller weight if they are further away from the 
centre pixel. The resulting weighted means in figure 47 differ as expected. The 
smaller ROI generated a higher peak, but also larger deviations between samples in 
the rest of the curve. 

     

Figure 45 Left: The five vTACs from a five pixel VOI. Right: The 27 vTACs from a 27-pixel 

VOI. 

     

Figure 46 Left: The calculated weights for the five vTACs in a five pixel VOI. Right: The 

calculated weights for the 27 vTACs in a 27 pixel VOI (blue) and a linear fit (red). 

     

Figure 47 Weighted means of vTACs. Left: Calculated from a five pixel VOI. Right: calcu-

lated from a 27 pixel VOI. 
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To evaluate the performance of the kernel density estimation depending on the space 
in which the distances between the TACs were measured, the method was performed 
in different spaces. For comparison, the results in figure 48 were considered right, 
with three true detections and no false detections. 

      

Figure 48 Left: The weighted distances in blue, and their mean in green. TACs with 

weighted distances above the mean were selected. Right: Based on visual inspection, this was consid-

ered three true detections and no false detections. 

The results in the different spaces spanned by different frames can be found in table 4. 
3 true and no false detections were made when using frames two and three, and when 
using frames one to three, which was considered the optimal result. The value c, in the 
column to the right, is a factor that was used for scaling the standard deviation of the 
kernel to its optimal value. 

Number 
of frames 

Frames 
number 

True 
detections 

False 
detections 

True-
False 

c 

 1 1 1 1 0 0.007 
 1 2 2 0 2 0.01 
 1 3 3 2 1 0.09 
 2 1 and 2 3 2 1 0.2 
 2 2 and 3 3 0 3 0.06 
 2 3 and 4 3 2 1 0.3 
 3 1 to 3 3 0 3 0.1 
 3 2 to 4 3 1 2 0.3 
 4 1 to 4 3 1 2 0.3 
 24 1 to 24 2 1 1 0.4 

Table 4 The results from the pixel selection with different frames used. 

However, the final method did not use the results above. Just like when choosing 
MVW-PC, the decision was taken based on the information from the first 60 seconds 
of the scan, here corresponding to frames one and two. In figure 49, a typical 
weighted mean and a confidence interval is shown. 
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Figure 49 A weighted mean of TACs, with a confidence interval of one standard deviation. 

4.2.3 Scaling to input function 
The results from the different interpolation methods can be seen in figures 50 and 51 
below. The results from the piecewise cubic spline interpolation differs considerably 
from the other three. 

  

Figure 50 Left: Linear interpolation of input functions. Right: Nearest neighbour interpola-

tion of input functions. 
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Figure 51 Left: Piecewise cubic spline interpolation of input functions. Right: Shape-

preserving piecewise cubic spline interpolation of input functions. 

Further differences, only seen when looking closely at the low amplitudes in the late 
time stages, are displayed in figures 52 and 53. Shape-preserving piecewise cubic 
spline interpolation gives the least amount of discontinuities. 

  

Figure 52 Left: Linear interpolation of input functions. Right: Nearest neighbour interpola-

tion of input functions. 

 

Figure 53 Shape-preserving piecewise cubic spline interpolation of input functions. 
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The cross-correlation between the mean of input functions and a patient’s vTAC is 
illustrated in figure 54. This function has its global maximum in the point representing 
a lag of one sample, which corresponds to 0.6 seconds. When trying to generate the 
input function from the vTAC, the input function will not be available. This measur-
ing of the correlation was therefore only used when developing the algorithm. 

 

Figure 54 Cross-correlation between vTAC from one patient and the mean of the input 

functions. 

Figure 55 shows the result of dividing the vTAC by the mean input function in each 
time point. The optimal straight line is also plotted in the same figures. A sharp peak, 
due to values close to 0 in the input function, is visible around 0.25 minutes. 

  

Figure 55 Left: A close look at the first five minutes of the ratio between vTAC and input 

function (in blue), and the resulting line fit (in green). Right: A close look at the late low values of the 

ratio between vTAC and input function (in blue), and the resulting line fit (in green). 

Figure 56 gives a visual representation of the final results of the study. The blue curve 
is generated from image data, and the green is a mean of input functions. 
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Figure 56 Left: A close look at the first five minutes of the mean input function (in green) 

and the scaled vTAC (in blue). Right: A close look at the late low values of the mean input function (in 

green) and the scaled vTAC (in blue). 

The results from the tests performed on three data sets are shown in table 5. The VOI 
size generating the smallest sum of residuals for all three data sets was 5 pixels, giv-
ing the final VOI size. An n pixel VOI results in 2·n TACs, since there is one VOI for 
each of the two veins. The slope and y-intercept for the final correcting function was 
calculated as the arithmetic mean of the optimal slopes and y-intercepts for the 5-pixel 
VOIs, which deviate considerably from each other. 

Data VOI 
sizes 

Slope for 5-
pixel VOIs 

y-intercept for 
5-pixel VOIs 

Data set 1  5 3.2313 6.6647 
Data set 2  27 8.3679 9.4891 
Data set 3  7 5.8858 4.9993 
Combined result  5 5.8283 7.0510 

Table 5 The results from the determination of the VOI size and the line for correction. 

The results from the validation of the algorithm on the first data set are shown in fig-
ures 57 to 60. The largest relative errors are found in the first minute of the scan, and 
are due to the input function being close to 0. 
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Figure 57 An image generated input function and the corresponding input function from 

blood sampling. The extreme values early in the plot make it difficult to analyse. See the next figure for 

a closer look. 

     

Figure 58 Left: A close look at the first five minutes of an image generated input function 

and the corresponding input function from blood sampling. Right: A close look at the late low values of 

an image generated input function and the corresponding input function from blood sampling. 
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Figure 59 The relative error between the image generated input function and the 

corresponding input function from blood sampling. The extreme values early in the plot make it diffi-

cult to analyse. See the next figure for a closer look. 

       

Figure 60 Left: A close look at the first five minutes of the relative error. Right: A close 

look at the late low values of the relative error. 

The results from the validation of the algorithm on the second data set are shown in 
figures 61 and 62. Similarly to the results above, the largest relative errors are found 
in the first minute of the scan, and are due to the input function being close to 0. Since 
the extreme values early in the curves makes it difficult to analyse them by looking at 
the whole curve at once, only the closer looks are displayed for this data set. 
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Figure 61 Left: A close look at the first five minutes of an image generated input function 

and the corresponding input function from blood sampling. Right: A close look at the late low values of 

an image generated input function and the corresponding input function from blood sampling. 

    

Figure 62 Left: A close look at the first five minutes of the relative error. Right: A close 

look at the late low values of the relative error. 
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5 Closing remarks 
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5.1 Discussion 

5.1.1 PCA on PET images 
Since samples in PET data are positive and related to the decay, you expect to see 
high values in regions with high tracer concentration. This is not valid for PC images 
since they are merely linear combinations of pre-normalized frames, with both nega-
tive and positive weights. e1 will point in one of the two directions that minimize the 
mean square error between the original data and their projection onto e1. e2 can then 
be arbitrarily chosen in one of two opposite directions, each representing opposite de-
viations from the kinetic behaviour described by e2. In figure 63, one can in this way 
substitute e2 with –e2 while retaining the information. 

f1

f2

(e1 ,λ1)

(e2,λ2)

f1

f2

(e1 ,λ1)

(e2,λ2)

 

Figure 63 An illustration of PCA changing the basis from f1, f2 to e1, e2. 

To visualize the PCs a colour map without emphasis on the sign is used in this report. 
The positive values go from red to yellow, and the negative go from blue to cyan, 
while values close to zero are dark. An example is shown in figures 64 and 65. 
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Figure 64 Example of the colour map used for PCs. The backbone and the two urinary 

tracts of a mouse are visible with opposite signs in PC2. 
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Figure 65 Example of the colour map used for PCs. The backbone and the two urinary 

tracts of a mouse are visible with opposite signs in PC2. 

5.1.2 Synthetic images 
The first principal component was similar independent of the pre-normalization, but 
the normalizations yields PC1 images with less noise. This was because the frames 
with high noise are weighted down, and therefore PCA gives less influence to these 
frames. 

The second PC image in the case without noise in figure 18, it can be observed that 
Occip has a value close to zero, while CBL has a relatively high value. The reason 
behind this is that the kinetic function of Occip is close to the mean of the kinetic 
functions. PC1 will span the sequence as good as possible, which will result in span-
ning the mean kinetic function. Since the kinetic function of CBL deviates from this 
mean kinetic, PC2 is needed to span it. 
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We consider background noise pre-normalization to be the better of the pre-normali-
zations, since it tends to place the signal in the earlier component. 

5.1.3 Generation of input function from clinical data 
The aim was to develop a method for generation of input function data from PET im-
ages, using masked volume-wise principal component (MVW-PC) images, which 
would make blood sampling unnecessary. 

The errors are probably not because of the larger steps taken in the algorithm, but 
rather due to details in how it is executed. After further work on these details, the ap-
proach could make it possible to avoid blood sampling during the PET scan and there 
by the risks and unpleasantness that come with the blood sampling. 

There are several reasons why this approach searches for these veins instead of other 
blood vessels in the brain. Since blood sampling is performed on a vein, it is a natural 
approach to retrieve the corresponding information from the veins in the images. The 
veins are also visible as distinct structures in the PC images. Closer to the middle of 
the slices in PC3, a group of blood vessels is also visible. These are intertwined arter-
ies and veins, which are hard to distinguish from each other and the other nearby tis-
sues. 

The results from performance of MVW-PCA on only some of the early frames 
showed that this method leads to a too big loss in information. The MVW-PC image 
that shows the veins is never as clear as when generated from the whole data set. This 
is because using more frames leads to noise suppression by averaging, and most of all, 
this makes it possible for the MVW-PC to add some early frames to get the blood sig-
nal, and then subtract some late frames to remove the rest of the signal. It is therefore 
recommended to always use the whole time sequence as input to MVW-PCA. 

The method is not limited to the tracer PIB, since the MVW-PC will be chosen de-
pending on the weights for the first 60 seconds. Selecting the MVW-PC depending on 
its weights for frames representing a certain time is also a more general method than 
letting it depend on a certain number of frames, since the frame lengths are not the 
same for all data sets. 

The algorithm was unable to get good results on data sets with only 15 frames. This 
might be because the first frames in such a data set are 60 seconds long, to compare 
with 30 seconds in a data set with 24 frames. Since the input function is very quickly 
rising and falling in the beginning of the data set, a high sampling frequency (short 
frames) is needed. This is particularly important when using the tracer PIB, since PIB 
is very quickly extracted into the brain. 

The method for finding the location of the veins is based on two things, the first being 
the amplitude in the relevant MVW-PC and the second being an anatomical assump-
tion. Both these aspects were taken into account, and the method does not use a 
threshold to choose the interesting region, but instead gives each point a probability 
between 0 and 1.without using any binary rules. The method is therefore well suited 
for difficult data sets. 
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An early version of the algorithm calculated the average between two slices when 
creating the VOI. This was abandoned since averaging was going to be performed 
later. There was no need to lose information in the early stages of the algorithm. 

The best way for evaluating the pixels and their TACs seemed to be to judge them by 
their weighted distances. 

5.2 Conclusion 
This study shows potential for generation of input function from image data. The re-
sulting curves had similarities with the corresponding input functions, but also differ-
ences, which showed that the approach was promising but not flawless in its current 
form. One of the strengths of the approach is that it is not limited to a specific tracer 
or time protocol, since the MVW-PC will be chosen depending on the weights for the 
first 60 seconds. The study was mostly performed on data from scans using the tracer 
PIB; but some data sets from scans using FDG have also been studied, also showing 
promising results. 

5.3 Future work 
Several ideas came up during the study, which were considered too time-consuming 
to be investigated at the time. In a case of further studies in this area the following 
thoughts could improve the algorithm, or lead to a better approach: 

• There is probably a time lag between the input function and the image data. 

• Parameters should be determined from anatomical data or other facts as much 
as possible. 

• The correction of the vTAC could be done in a more refined way. 

• The MVW-PC could be selected in a more general way. 

• If the data is corrected for movement, this could reduce the noise in the result. 

• The information could be found in other places than these veins. 

• The method should be tested on data sets using different tracers. 



 
79

Bibliography 

[1] Engbrant F: Signal Extraction and Separation in Dynamic PET Studies Using 
Masked Volume-Wise Principal Component Analysis (MVW-PCA) in List 
Mode. Master thesis, Centre for Image Analysis, Uppsala University, Sweden 
(2009) 

[2] Svensson P-E: Characterization and Reduction of Noise in PET Data Using 
MVW-PCA. Master thesis, Centre for Image Analysis, Uppsala University, 
Sweden (2009) 

[3] Razifar P: Novel Approaches for Application of Principal Component Analy-
sis on Dynamic PET Images for Improvement of Image Quality and Clinical 
Diagnosis. PhD thesis, Centre for Image Analysis, Uppsala University, Swe-
den, ISBN 91-554-6397-8 (2005) 

[4] Swindell W and Barrett H H: Computerized tomography: taking sectional x-
rays. Physics Today, 30(12): 32-41 (1977) 

[5] Kwong K K, Belliveau J W, Chesler D A, Goldberg I E, Weiskoff R M, 
Poncelet B P et al: Dynamic magnetic resonance imaging of human brain ac-
tivity during primary sensory stimulation. Proceeding of National Academy of 

Sciences of the United States of America, 89:5675 (1992) 
[6] Beyer T, Townsend D W, Brun T, Kinahan P E, Charron M, Roddy R et al: A 

Combined PET/CT Scanner for Clinical Oncology. Journal of Nuclear Medi-

cine, 41:1369-1379 (2000) 
[7] Schöder H, Erdi Y E, Larson S M and Yeung H W D: PET/CT: a new imaging 

technology in nuclear medicine. European Journal of Nuclear Medicine and 

Molecular Imaging, 30(10): 1419-1437 (2003) 
[8] Andersson J L R, Sundin A and Valind S: A Method for Coregistration of PET 

and MR Brain Images. Journal of Nuclear Medicine, 36:1307-1315 (1995) 
[9] Keidar Z, Israel O and Krausz Y: SPECT/CT in Tumor Imaging: Technical 

Aspects and Clinical Applications. Seminars in Nuclear Medicine, 33(3): 205-
218 (2003) 

[10] Faulkner K and Moores B M: Noise and contrast detection in computed tomo-
graphy images. Physics in Medicine and Biology, 29(4): 329-339 (1984) 

[11] Gefvert O, Lindström L H, Waters N, Waters S, Carlsson A and Tedroff J: 
Different corticostriatal patterns of L-DOPA utilization in patients with un-
treated schizophrenia and patients treated with classical antipsychotics or 
clozapine. Scandinavian Journal of Psychology, 44(3): 289-92 (2003) 

[12] Klunk W E, Engler H, Nordberg A, Wang Y, Blomqvist B, Holt D P et al: Im-
aging Brain Amyloid in Alzheimer’s Disease with Pittsburgh Compound-B. 
Annals of Neurology, 55(3): 306-319 (2004) 

[13] Nichols N F, Cimini M G, Haas J V, Staton B A, Tedroff J and Svensson K A: 
PNU-96391A (OSU6162) antagonizes the development of behavioural sensiti-
sation induced by dopamine agonists in a rat model for Parkinson’s Disease. 
Neuropharmacology, 43(5): 817-824 (2002) 

[14] Ameringen M V, Mancini C, Szechtman H, Nahmias C, Oakman J M, Hall G 
B C et al: A PET provocation study of generalized social phobia. Psychiatry 

Research: Neuroimaging. 15(132): 13-18 (2004) 
[15] Hutton B F, Braun M, Thurfjell L and Lau D Y: Image registration: an essen-

tial tool for nuclear medicine. European Journal of Nuclear Medicine and 

Molecular Imaging. 29:559-577 (2002) 



 
80

[16] Holm S, Toft P and Jensen M: Estimation of the noise contributions from 
Blank, Transmission and Emission scans in PET. IEEE Trans Nucl Sci 
43:2285-2291 Part 1 (1996) 

[17] Wilson D W and Tsui B M W: Noise properties of Filtered_Backprojection 
and ML-EM reconstructed Emission Tomographic Images. IEEE trans Nucl 

Sci 40(4) (1993) 
[18] Pearson K: On Lines and Planes of Closest Fit to System of Points in Space. 

Philosophical Magazine vol 2 (6) pp 559-572 (1901) 
[19] Johnson R and Wichern D: Applied Multivariate Statistical Analysis (third 

edition). Prentice-Hall, Inc (1992) 
[20] Logan J: Graphical Analysis of PET Data Applied to Reversible and Irreversi-

ble Tracers. Nucl Med Biol. vol. 27, pp. 661–670 (2000) 
[21] Patlak C S, Blasberg R G and Fenstermacher J D: Graphical evaluation of 

blood-to-brain transfer constants from multiple-time uptake data. J Cereb 

Blood Flow Metabolism; 3: 1-7 (1983) 
[22] Razifar P, Axelsson J, Schneider H, Långström B, Bengtsson E and Bergström 

M: A new application of pre-normalized principal component analysis for im-
provement of image quality and clinical diagnosis in human brain PET studies 
- Clinical brain studies using [11C]-GR205171, [11C]-L-deuterium-deprenyl, 
[11C]-5-Hydroxy-L-Tryptophan, [11C]-L-DOPA and Pittsburgh Compound-B. 
Neuroimage, vol. 33, pp. 588-98 (2006) 

[23] Parzen E: On Estimation of a Probability Density Function and Mode. Ann 

Math Stat 33, pp 1065-1076 (1962) 


