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This article offers an overview of kinetic modeling strategies for a wide range of problems in PET.
The emphasis is on practical applications so that
one can understand the potential of (and take full
advantage of) this imaging modality. The basic concepts are presented in numerous publications and
are only briefly discussed here. It has been suggested
that if specific imaging protocols are applied to allow the extraction of physiologic parameters, PET
imaging could provide an interesting database in
clinical and research settings.
Exploring the human anatomy and physiology in
vivo and noninvasively for disease prognosis, diagnosis, and assessment of response to treatment and
follow-up is the goal of any medical imaging procedure. Virtually all medical imaging modalities operated clinically nowadays are used mainly for the
detection of disease by qualitative visual inspection
of the images. In research studies, however, the imaging data are quantified and further statistically
analyzed before any sensitive conclusions can be
drawn. This is about the methodology. What about
the modality itself? First, the research is oriented
based on the modality that is available to the investigator. Second, the use of any modality requires
a strong collaboration between multidisciplinary
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groups of investigators who have backgrounds in
various scientific specialties related to the research
subject. For each modality, novel techniques are
continuously being developed for the accurate calculation of physiologic parameters and to better exploit the quantitative potential of the imaging
modality [1]. Fig. 1 roughly depicts the extent of
each imaging modality based on its widespread
use [2]. In this review, the authors focus on the various approaches used in PET kinetic modeling
procedures.
The kinetic modeling of PET data depends on the
radiotracer used for imaging, the data acquisition
protocol, and the biologic tissues under study.
Each radiotracer behaves differently in the body,
and the same tracer could be affected differently
in different types of tissue. There are a quasi-unlimited number of PET radiotracers that can be developed. The list of available radiotracers already in
use and their applications in a wide variety of imaging-based investigations could fill several pages [3].
This article focuses on the most widely used radiotracers in typical PET studies and deliberately keeps
away from discussing PET data correction procedures and image reconstruction techniques that
are addressed in other articles found elsewhere in
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blood flow (F, milliliters of blood per minute per
100 g of tissue):
FðCa O2  Cv O2 Þ 5 MVO2

(2)

The Renkin-Crone model

Fig. 1. Extent of the most popular imaging modalities
based on their widespread use in imaging
applications.

The model of Renkin-Crone [4,5] considers the extraction of a substance from the blood plasma by
a tissue. Fig. 2 shows two types of the model. The
extraction of the substance from blood is given by
E5

this issue. All the corrections (including decay correction) are assumed to be performed optimally using well-established procedures.

The basis of kinetic modeling
The Fick principle
The Fick (Adolf Eugen Fick, 1829–1901) principle
describes the concentration of a substance in a flowing fluid. Suppose that a fluid has a flow F (L/min)
and contains a concentration C1 (mL/L) of a substance. The fluid flows through a compartment
that adds the substance in the fluid at a rate M
(mL/min). At the exit of the compartment, the fluid
has a concentration C2 (mL/L) of that substance.
The Fick principle is then expressed as:
C2  C1 5

M
F


. 
Ca  Cv
5 1  exp  PS F
Ca

(3)

Suppose that this substance is a radiotracer. The
perfusion of the tissue can be accurately measured
if the radiotracer is completely extracted from blood
after each pass in the capillaries. Several parameters
have been used to quantify the passage of the radiotracer from blood to tissue: the extraction (E, unitless); the permeability (P, cm/min); the global
blood flow (F, mL/min); the local blood flow
(mL/min/100 g); the perfusion (blood flow per volume of tissue, mL/min/g); the transit time; the volume of distribution (Vd); the partition coefficient
(r); the clearance (Cr); and the rate constant (K1,
equivalent to the perfusion, mL/g/min). One
should not confound the flow in the capillaries
with the blood flow in large vessels in which the
blood circulation is higher.

The Kety-Schmidt model
(1)

This principle is general and can be applied in
several domains. For example, oxygen consumption
(MVO2, milliliters of oxygen per minute per 100 g
of tissue) can be obtained from the concentration
of oxygen in arterial blood (CaO2, milliliters of oxygen per milliliters of blood), from the concentration of oxygen in venous blood (CvO2, milliliters
of oxygen per milliliters of blood), and from the

Kety and Schmidt [6,7] described their model using nonradioactive substances in the 1940s. The
model is based on the Fick model, which stipulates that the extracted substance by a tissue
(dCt/dt) comes from the difference between the arterial (Ca) and venous (Cv) concentrations of this
substance:
dCt
5 FðCa  Cv Þ
dt

(4)

Fig. 2. Diagram showing the concentration of a substance in arterial blood (Ca, mmol/L of blood) and in venous
blood (Cv, mmol/L of blood), the local blood flow (F, mL/min/100 g), and the product of the permeability P (cm/
min) with the surface S (cm2/g of tissue) of the capillaries (density of tissue 5 1.04 g/cm3, or 1 mL of tissue 5
1.04 g).
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The concentration of the substance in tissue was
difficult to assess. These investigators supposed
that there is a moment when the concentration of
the substance in tissue and in venous blood is in
equilibrium. Meanwhile, the concentrations should
be linked to the tissue volume and to the venous
blood volume. This relation is expressed by the
volume of distribution (Vd) and by the partition
coefficient (p) (Fig. 3).
After the partition coefficient is known, the concentration of the substance in tissue is deduced
from the concentration of the substance in the
venous blood (or vice versa):
Ct 5 p Cv

(5)

In nuclear medical imaging, it is possible to
measure the radiotracer concentration in tissue
and in arterial blood [8,9]. Equation 4 then
becomes
dCt
F
5 FCa  Ct
p
dt

(6)

The solution of this equation [8,10,11] is given by
Zt
CðtÞ 5 F



F
Ca ðt 0 Þexp  ðt  t 0 Þ dt 0
p

(7)

where k is equal to F/p. By dividing left and right
members of Equation 9 with the integral of Ca(t),
one can obtain
Ct ðtÞ
Rt

Ca ðt 0 Þ dt 0

0

5F 

Rt

Ct ðt 0 Þ dt 0

k 0t
R

Ca ðt 0 Þ dt 0

(10)

0

This equation is in the form y 5 ax 1 b and is easy
and fast to compute for each voxel in the image,
leading to a parametric map of blood flow.
Recall that this model is valid under certain conditions [10]:
The radiotracer should be inert
The radiotracer should be freely and rapidly diffusible and should be extracted at first pass in
the capillaries. The extraction should be rapid
in comparison to the transit time of the radiotracer in the capillaries.
The concentrations of the radiotracer in tissue
and in venous blood should be in equilibrium.
The blood flux should remain constant during
the measurements.
The tissue needs to be homogeneous versus
blood flux.

0

Equation 7 can be rewritten in a simple fashion
using the convolution operator denoted 5:


F
Ct ðtÞ 5 F Ca ðtÞ5exp  t
p

(8)

Equation 8 is the common equation used to calculate the blood flow with the freely diffusible radiotracer H215O. From Equation 8, one can get
Ct ðtÞ 5 F

Zt
0

Ca ðt 0 Þ dt 0  k

Zt
0

Ct ðt 0 Þdt 0

(9)

The reader is referred to the article published by
Matthews and colleagues [11] in which the approach of Kety and Schmidt [6,7] was used in the
assessment of cerebral blood flow.

The input function
Knowledge of the input function is mandatory in
PET kinetic modeling. The input function represents the delivery of the radiotracer to a site of interest, which is then measured with PET. If the input

Fig. 3. The volume of distribution (Vd) is the volume of tissue (V1) that should contain the same concentration as
in blood (Cb) relative to total tissue volume (Vt): Vd 5 V1/Vt. The partition coefficient (p) represents the ratio of
the concentrations in tissue and in blood: p 5 Ct/Cb, by assuming uniform concentrations in whole tissue and in
blood.
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function is viewed as the impulse and the PET measurement in a tissue viewed as the response, then
the way the tissue responds to the impulse will depend on how the radiotracer is biochemically transformed in the tissue. The molecule of the
radiotracer may be degraded or may be recombined
back. Each transformation, depending on the time
each transformation takes, can be represented by
a specific function. The transformations can also
be represented by compartments. If the radiotracer
is injected as a bolus, then the response of the tissue
is generally described by exponentials.
The input function determines the radiotracer in
the blood (or plasma) delivered to tissue, which can
be assessed from arterial blood samples. Blood
sampling from arteries that are not reachable or
from heated or unheated veins, however, is a burdensome procedure, with risk of radiation exposure
for operators and risk of infection, bleeding, and
thrombosis for patients [12,13]. Furthermore, placing catheters in the arms of the patients makes them
uncomfortable; in small animals, this operation is
difficult and there may not be enough blood to extract, especially in repetitive studies. But how accurate is the input function determined from blood
sampling? The samples have to be withdrawn manually or automatically by means of blood samplers
in a discrete or continuous fashion [14–20]. Moreover, the withdrawn blood samples need to be subsequently interpolated to match the PET scan times.
Additional corrections are compulsory to accurately
define the input curve, such as the time delay and
dispersion in the tubing, the contamination of the
samples in the tubing, and the cross-calibration between sample detection setup and the PET scanner
[21]. To avoid the difficulties encountered in withdrawing and measuring the blood samples in each
patient, and when performing studies in similar
protocols, population-based input functions have
been used, which are sufficient for many applications. For these functions to be properly applied
in kinetic modeling, only one or a few blood samples are extracted from the patient to normalize
the averaged input functions [22–24]. Because population-based input functions still need blood sampling, other methods have relied on extraction of the
input functions from images [25–28]. This approach could be straightforward in cardiac imaging
in which the radioactivity in the arterial blood can
be assessed from the left ventricle chamber or from
the left atrium. The data can be corrected for the
spillover from blood to tissue or from tissue to
blood and for the metabolites, but more analyses
have to be made (eg, in the case of fluorodeoxyglucose F18-[FDG] in which the plasma curve is needed
instead of the whole-blood curve). For imaging
other organs, the same procedures have been

proposed in defining the input curve from PET images; however, in these cases, the blood function
has been obtained from regions of interest (ROIs)
on artery images. It is unfortunate that all blood vessels in the images are affected by the partial volume
effect (PVE), and their intensity is underestimated
[29]. Here also, the data need to be further analyzed
before accurately defining the input curve. Many investigators have used correction factors derived from
phantom studies, MR imaging, CT, or other means
to correct for PVE [29–34].
The most significant progress in the determination of the input functions has been seen with
methods that do not require blood sampling (although these methods still need to be fully validated). Such methods include reference tissue
approaches [35–40] and decomposition of images
by means of factor analysis [41–45] or independent
component analysis [46,47]. Are the PET images
self-sufficient to calculate physiologic parameters?
What is the error introduced from analyzing the
blood samples: withdrawing blood samples at various times not corresponding to the PET scans, extracting specific volumes of blood or plasma,
counting in a well counter, calibrating with the
PET scanner, and finally interpolating the data to
be used in kinetic modeling? Does one really
need to know the absolute values of a physiologic
parameter for each quantitative analysis? The answer is obviously no. Suppose one wants to study
the effect of activation in the brain or to study tumor response to a treatment in an animal model using FDG. The input function can be derived from an
artery in the image. This input curve will be underestimated due to PVE. This underestimation is
a multiplicative factor that affects equally the calculated parameter before and after activation or treatment, and usually, the effect of the intervention is
reported as a relative difference or gain that will
cancel the effect of PVE. Equation 17 reproduces
the FDG three-compartment model [48] in which
one can expect the influence of the plasma curve
Cp(t) on the rate constants (K1 to k4, a1 and a2) if
Cp(t) is underestimated by PVE. To illustrate the effect of errors in the input curve on the quantitative
estimates, the authors have applied the FDG kinetic
model using nonlinear least squares fitting (Equation 17) to 11 brain regions from PET images and
calculated cerebral metabolic rates of glucose
(CMRG; Equation 18) using a manually sampled
input curve (bc1) and the same input curve divided
by 5 (bc5) and by 10 (bc10). The ratio of CMRG calculated using bc5 to that using bc1 and the ratio of
CMRG calculated using bc10 to that using bc1 are
displayed in Fig. 4 for the 11 brain regions. Obviously, the PVE directly affects the physiologic parameter estimate. Nevertheless, what could be
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Fig. 4. The underestimation of the input curve by
a factor of 5 and a factor of 10 are translated in an
overestimation of the CMRG by these factors.

interesting is the response of the tissue after the administration of the radiotracer, and this response is
represented by the exponential functions (Equations 8 and 17). In Equation 8, the power of the exponential gives the perfusion regardless of the
amplitude, meaning this will depend on the shape
of the input function but not on its amplitude.
Meanwhile, the calculation of the perfusion (K1
for FDG and for other radiotracers such as 13N-ammonia and 11C-acetate) directly depends on the amplitude of the input function.

Kinetic modeling approaches
Kinetic modeling is the last process in the analysis
and treatment of PET data before the application
of statistical analysis. For improved accuracy, kinetic
modeling can be done on ROIs because the grouped
time-activity curves of the voxels contribute to the reduction of statistical noise. Kinetic modeling can
also be performed on an image voxel basis, thus providing a parametric image. When applying a kinetic
model on a voxel basis, the background should be
removed from the image because not all voxels
obey the kinetic model, and keeping them can generate erroneous results. The intensity of the voxels
fluctuates depending on the dose of the radiotracer
administered, the physical half-life of the radiotracer, the biologic half-life (ie, uptake and clearance
of the tracer from the body), the time frame, the detection efficiency, and PET scanner sensitivity,
among other factors. All these factors contribute to
the noise in the final parametric image. Fitting the
image voxels is also time-consuming, and several
techniques have been reported aiming to simplify
these procedures; for example, for FDG, the standard
(or standardized) uptake value (SUV) [49–51], the
fractional uptake rate (FUR) [52–54], graphic analysis [55], and the autoradiographic technique

[48,56,57]. Similar or equivalent approaches can
be used with other radiotracers. SUV and FUR are
called semiquantitative methods. It should be noted
that the term quantification has been used in several
ways in the functional imaging literature [58]. In reality, these methods can be considered quantitative
because the calculations return values from the processed images; however, what do these values represent and how accurate and specific are they? More
refined quantitative methods are more widely accepted; however, they are thought to be difficult because they require complicated calculations. These
methods find their origin in the compartmental representation of the behavior of the radiotracer in the
body. Other methods can be used equally for any radiotracer without being related to compartments.
These methods are powerful; however, they still
need to be validated, given that the extracted parameters have to clearly reflect physiologic parameters
(eg, the spectral analysis [59–61] and the maximum
likelihood techniques [62,63]). Several publications
have addressed the issue of kinetic modeling in the
projection-space, where only parametric images are
reconstructed [60–67]. Some of these techniques
are described in the following subsections. Interested readers are encouraged to consult the previously cited references for in-depth details. The
authors use FDG as an example because it remains
the most widely used radiotracer in PET.

The classic models
Standardized uptake value
The SUV (also known as the differential uptake ratio, dose uptake ratio, differential absorption ratio,
or dose absorption ratio) allows one to evaluate the
radiotracer uptake in an ROI, usually a tumor
[49,51]. SUV calculations (SUV is unitless) are
very fast and require only the knowledge of the radiotracer concentration in an ROI (CPET in MBq/g
of tissue), the injected dose (Dose in MBq), and
the subject weight (w in g):
SUV 5

CPET
CPET w
5
ðDose=wÞ Dose

(11)

The quantities CPET and Dose need to be corrected
for radioactive decay at the beginning of the radiotracer injection. CPET has to be evaluated in a time
window, whereas the radiotracer is in a steady state
(minimal variation) in tissue.
The SUV is influenced by several parameters [68–
72]: (1) the nature of the body weight (ie, the radiotracer is not distributed in the body equally in tissue
and in fat); (2) the ROI drawing is very subjective;
(3) the PVE and spillover affect the CPET value; (4)
the uptake and metabolism of the radiotracer in tissue is influenced by metabolic or hormonal processes in blood; and (5) the non–steady state of
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the radiotracer in tissue during the time of CPET
measurement provokes uncertainties [68,69]. Nevertheless, Strauss and colleagues [73] demonstrated
that the SUV is highly correlated to blood volume,
perfusion (K1), and influx [(K1  k3)/(k2 1 k3)] in
PET-FDG studies.
To circumvent the limitations of the SUV, other
semiquantitative indices have also been proposed.
One such index is the specific uptake size index
(SUSI), which measures the total uptake of an organ
or tissue and can be related in absolute terms to the
total activity injected or the specific activity in a reference region [74]. The SUSI is defined as SUSI 5 Ts/Cr,
where Ts is the specific uptake in the object and Cr is
the concentration per unit volume in the reference
region or average body concentration. This index
was claimed to be independent of the spatial resolution of the imaging system and the ROI delineated
by the user; thus, it might be of potential value in reducing variation in quantitative assessment of tracer
uptake in selected regions [75,76].
Fractional uptake rate
The FUR, also called retention index, is computationally similar to the SUV. It is simple and fast and can be
applied on selected ROIs or at the voxel level [52–54].
The input function, however, is needed:
FUR 5

CPET ðTÞ
RT  
Cp t dt

Fig. 5. Ca, Cf, and Cm are the compartments of FDG in
blood in the interstitial and metabolized states. K1 is
the perfusion (mL/min/g). The other rate constants
are in units of min1. The frame in the dashed line
(CPET) represents the voxel or ROI time activity curve.

where Cp(t) is the plasma curve, or the FDG concentration in the plasma. The symbol 5 represents the
convolution operator. The constants a1 and a2 represent combinations of the rate constants:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
a1 5 ½k2 1k3 1k4  ðk2 1k3 1k4 Þ  4k2 k4 =2
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
a2 5 ½k2 1k3 1k4 1 ðk2 1k3 1k4 Þ2  4k2 k4 =2

(16)

The sum of Cf(t) and Cm(t) plus a fraction k5
(0%k5<1) of Cp(t) produce the measured data
CPET (k5 is called the blood volume or tissue vascular fraction):
CPET ðtÞ 5

K1
½ðk3 1k4  a1 Þea1 t
a2  a1

(12)

1ða2  k3  k4 Þea2 t 5Cp ðtÞ1k5 Cp ðtÞ (17)

T is the mean scan time of the static PET measurement CPET. The FUR has a unit of min1; meanwhile,
an index of glucose metabolism (FURGlc; mmol/100
g/min) can be deduced from the FUR [54]:

Knowing CPET(t) and Cp(t) on several time
points, it is possible to determine the parameters
K1 to k5 by least squares fitting or by other means.
The metabolic rate for glucose (MRGlc) can be obtained by:

0

gl
FURGlc 5 FUR
LC

MRGlc ðmmol=100 g=minÞ 5

(13)

K1 ðmL=g=minÞ k3 ð1=minÞ
k2 ð1=minÞ1k3 ð1=minÞ

Fludeoxyglucose F18 original model
FDG and glucose share the same transport across
the blood-brain barrier. They can return back to
the plasma or they can move to the phosphorylation compartment. FDG, however, cannot be further transformed as glucose. It can be retained as
FDG-6-p or be dephosphorylated and travel back
to blood (Fig. 5). The mathematical representation
of Fig. 5 can be written as [48]:
dCf ðtÞ
5 K1 Cp ðtÞ
dt
dCm ðtÞ
5 k3 Cf ðtÞ
dt

 ðk2 1k3 ÞCf ðtÞ1k4 Cm ðtÞ
 k4 Cm ðtÞ

glðmg of glucose=100 mL of plasmaÞ
LC 0:182 ðmg= mmolÞ

(14)

The solution of this equation is given by:
1
½ðk4  a1 Þea1 t 1ða2  k4 Þea2 t 5Cp ðtÞ
Cf ðtÞ 5 a2Ka
1
k3
ðea1 t  ea2 t 5Cp ðtÞ
Cm ðtÞ 5 aK21a
1

(15)

(18)

where gl is the concentration of glucose in plasma
and LC is the lumped constant. MRGlc is in micromoles of glucose per 100 g of tissue per minute.
Sometimes, MRGlc can be expressed in milliliters
of tissue instead of grams of tissue. The factor
0.182 in the denominator accounts for the molecular mass of FDG, which is 182 g/mol.
Fludeoxyglucose F18 autoradiographic model
This method allows one to simplify the PET measurement with FDG and the data analysis procedure. The PET measurement is performed in
a single frame after the radiotracer injection to allow an optimal radiotracer uptake in tissue. The
modeling can be applied to ROIs or performed at
the voxel level. The method consists of generating
Cf(t) and Cm(t) FDG compartments using Equation

Tracer Kinetic Modeling in PET

15, with the measured Cp(t) and values for the rate
constants obtained from averaged values in a population (primed rate constants) [48,56]. The calculated compartments and the measured CPET are
summed over the time interval T to yield the
MRGlc:
MRGlc 5



0
gl K1 k3
gl K10 k03 CPET ðTÞ  Cf ðTÞ
z
LC k2 1k3 LC k02 1k03
C0m ðTÞ
(19)

Equation 19 might return negative values for
MRGlc. This equation was modified by Hutchins
and colleagues [57], who proposed another form
of the model:
MRGlc 5



gl K1 k3
gl K10 k03
C ðTÞ
 PET
 
z
0
0
LC k2 1k3 LC k2 1k3 C0 f T 1C0 m T
(20)

Fludeoxyglucose F18 graphic analysis
The graphic analysis was developed by Patlak and
colleagues [55]. It is often referred to as the Patlak
plot or the Patlak method. This kind of analysis
was selectively applied to FDG [77] but can be applied equally well to other radiotracers (eg, 13N-ammonia [78]). The method assumes that k4 is null;
thus, Equation 16 becomes:
a1 5 0
a2 5 k2 1k3

(21)

and if the last term is omitted, then Equation 17
becomes:
CPET ðtÞ 5



K1
k3 1k2 eðk2 1k3 Þt 5Cp ðtÞ
k2 1k3



CPET t 5 A1 eB1 t 1A2 eB2 t 1A0 d 5Cp t

(25)

If there are N time points or data frames, then the
convolution with the first two functions gives 2N 
1 data points. One needs to keep only the first N
data points. The spectral analysis consists of generating M values of B that makes M exponentials that
are subsequently convolved with Cp(t). Consequently, one obtains M values for A, and Equation
25 can be written as

(22)

Considering Cp(t) constant relative to the
exponential,
3
2
Zt
 
K1 4
k2
k3 Cp u du1
CPET ðtÞ 5
Cp ðtÞ5
k2 1k3
k2 1k3

discussed earlier and as demonstrated by the equations governing a radiotracer kinetic model, the response of a tissue has an exponential form. For
example, 15O-water is governed by one exponential
(Equation 8), whereas FDG is governed by two exponentials (Equation 17). The number of exponentials is defined for a homogeneous tissue; in fact,
they represent the number of compartments. If an
ROI or a voxel is made of a mixture of N tissue components, then the time-activity curve of this ROI
would be formed by 2N compartments or exponentials, in the case of FDG. This is more realistic if we
know that the ROI could be contaminated because
of the limited spatial resolution of the PET scanner
and the motion of the measured subject. In spectral
analysis, we do not have a priori knowledge of the
number of tissue components in the ROI or the
number of compartments of the radiotracer,
whereas the input function must be known. Suppose the macroparameters in Equation 17 are
substituted to microparameters, and a single convolution operation is made using the Dirac delta function d and A0 5 k5:

(23)

Cpetðt1; t2; t3; .; tNÞ 5 ½A1 A2 A3.AM

F11, F12, F13, ., F1N
F21, F22, F23, ., F2N
F31; F32; F33; ., F3N

FM1; FM2; FM3; ., FMN
(26)

0

and dividing both sides by Cp(t), gives
  K1 k3
CPET ðtÞ=Cp t 5
k2 1k3

Zt
0

 

K1 k2
Cp u du=Cp t 1
2
ðk2 1k3 Þ
(24)

This equation is in the form y 5 ax 1 b, where the
1 k3
slope kK2 1k
can be calculated from the last data
3
points made of the most contrasted tissue in the image. This expression is given in Equation 18.

Spectral analysis
Spectral analysis is based on the decomposition of
the response of tissue after a bolus injection of a radiotracer in all the possible components. As

The functions Fij (i 5 1 to M and j 5 1 to N, with
M being the number of compartments and N the
number of frames) are the products of the exponentials with Cp(t), and the vector Ai (i 5 1 to M) consists of the coefficients to be calculated. The matrix
F is known because the exponentials are known,
and CPET is the time-activity curve of the ROI or voxel.
A solution with non-negative least squares produces the values of the coefficients in A. The algorithm of the non-negative least squares giving the
solution of A generates a matrix of all possible
values of A and zeros elsewhere. The indices of A
where A 5 0 allows one to identify and reject all
values of B. A few values of A and B are isolated
to form the functions in Equation 25 that really
fit CPET(t).
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As an example based on the work given by Bentourkia [61], suppose that there are nb 5 50 compartments (ie, 50 exponentials). One then needs
to decide the minimum and maximum values of
b; for instance, bmin 5 5 and bmax 5 0. The steps
are then defined as (bmax  bmin)/nb. So, b goes
from bmin 5 5 to bmax 5 0 with steps 5 (bmax
 bmin)/nb. The value of B used in the exponentials
is defined as B 5 10b.
When the vectors A and B are calculated, one can
produce any compartment or the blood volume images by computing the specific exponentials convolved with the input function. It is possible to
produce images of any A or B value to represent
the ratio of that compartment. Note that other approaches use the spectral analysis differently
[59,60].

The maximum likelihood
It is tempting to consider an algorithm that directly
reconstructs the parametric images (see the article
by Reader and Zaidi found elsewhere in this issue).
In fact, there is no need to reconstruct so many images with same filtering not adapted to intensity distribution in the images as a function of frame
lengths, radiotracer half-life affecting the statistics,
and finally, splitting the projection intensities in
so many voxels in reconstructed images. In PET imaging, even a single voxel in the image cannot be
considered to represent a homogeneous tissue. An
ROI is far from being considered a set of homogeneous structures. A projection (ie, a set of parallel
lines of response) has higher statistics but contains
the sum of all detected coincidences. When an algorithm based on spectral analysis is used, it can be efficient in the projection-space or in the image-space
and can isolate each component in the signal. In
a similar manner, the maximum likelihood approach was proposed [62] to decompose the signal
and to reconstruct individual components:
Xil 5

X

Wik Bkl

(27)

k

where Xil is the ith image pixel of the lth time frame,
Wik is the weight of the ith image pixel in the kth kinetic component, and Bkl represents the value of the
kth kinetic component in the lth time frame.
Despite the difficulties in simultaneously handling image reconstruction and kinetic modeling,
Kamasak and colleagues [63] reported that they
successfully reconstructed kinetic parameters (not
kinetic components) directly from the projections.
This is probably the best way to exploit PET imaging
modality to its highest potential (ie, to directly reconstruct images representing kinetic or, more precisely, physiologic parameters). A single-intensity

image could also be concurrently produced for
global information.

Summary
This article presents the basic principles in clinical
and research applications of kinetic modeling,
which can be applied to various dynamic PET
data. Two main difficulties can arise when selecting
a particular compartmental model: the number of
identifiable components is fewer than the chosen
model (eg, high noise) or more than the chosen
model (eg, heterogeneity). Different strategies
have been suggested to tackle these problems.
It is gratifying to see the overall the progress that
kinetic modeling has made in the last 2 decades. Recent developments have been enormous, particularly in the last few years, with the main efforts
striving to improve the accuracy and precision of
the computations and to decrease the amount of input data required by the model. The application of
kinetic modeling is well established in research environments but limited in clinical settings to those
institutions having advanced physics and technical
support. As the aforementioned challenges are met
and experience is gained, implementation of validated techniques in commercial software packages
will be useful to attract the interest of the clinical
community and to increase the popularity of these
tools. It is expected that with the availability of advanced mathematical models and computing
power in the near future, more complex and ambitious kinetic modeling algorithms will become clinically feasible.
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