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Abstract

A new preprocessing clustering technique for quantification of kinetic PET data is presented. A two-stage clustering process,
which combines a precluster and a classic hierarchical cluster analysis, provides data which are clustered according to a distance
measure between time activity curves (TACs). The resulting clustered mean TACs can be used directly for estimation of kinetic
parameters at the cluster level, or to span a vector space that is used for subsequent estimation of voxel level kinetics. The
introduction of preclustering significantly reduces the overall time for clustering of multiframe kinetic data. The efficiency and
superiority of the preclustering scheme combined with thresholding is validated by comparison of the results for clustering both
with and without preclustering for FDG-PET brain data of 13 healthy subjects.
© 2003 Elsevier Ireland Ltd. All rights reserved.
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1. Introduction

This paper concerns the estimation of quantitative
information from sequences of positron emission to-
mographic (PET) images of the brain. Quantitative
rather than qualitative characterization has the poten-
tial to provide important in vivo measurements of dy-
namic physiological and biochemical processes which
can then be used to track or identify disease processes.

1.1. The parametric model

To illustrate our discussion we consider a model of
flurodeoxyglucose (FDG) tracer dynamics for the es-
timation of the cerebral metabolic rate of glucose as
a measure of the functional activity in the brain. This
is set up as a differential model consisting of three
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compartments: the FDG concentration in plasma,u(t);
the FDG concentration in tissue,y1(t); and the phos-
phorylated FDG (FDG-6-phosphate) concentration in
tissue,y2(t). The dynamics of the tracer are then de-
scribed by the initial value problem

dy1

dt
= K1u(t) − (k2 + k3)y1(t) + k4y2(t);

dy2

dt
= k3y1(t) − k4y2(t); y1(0) = 0, y2(0) = 0.

(1)

Here the system rate constants are interpreted as fol-
lowing:

• K1 is the transport rate from the blood to the
extra-vascular space;

• k2 is the transport rate back from the extra-vascular
space to the blood;

• k3 is the phosphorylation rate of the intra-cellular
FDG by hexokinase enzymes to FDG-6-phosphate;
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Fig. 1. Representative input functionu(t) on the left, in the middle and right representative output datay(t) for a random selection of six
active and inactive voxels, respectively. Note that the data are measured at times 0.1, 0.2167, 0.25, 0.2833, 0.3167, 0.35, 0.3833, 0.4167,
0.45, 0.55, 0.7167,0.9, 1.25, 2, 3, 4.25, 5.75, 8.25, 12.5, 17.5, 25 and 45 min.

• k4 is the dephosphorylation rate of the intra-cellular
FDG-6-phosphate back to FDG.

Given the input functionu(t), we obtain the solution
y(t) = y1(t) + y2(t), by rewriting the system(1) as a
second-order differential equation, and expressingy(t)

as a convolution ofu(t) with an exponential function
f(t), determined by the coefficients of the differential
system, see for example,Huang et al. (1980). Based on
this model, we are interested in estimating the kinetic
parametersK1, ki, i = 2,3,4, and the local cerebral
metabolic rate of glucose proportional to

K = K1k3

k2 + k3
. (2)

To do this we need an estimate of the output function
y(t) which can be compared with the analytic expres-
sion fory givenu such as to obtain the unknown pa-
rameters.

In parametric studies the tissue concentrationy(t) =
y1(t) + y2(t) is the model output, taken to be the
image intensity of a reconstructed PET image and
we suppose that the FDG plasma concentration, the
model input, is known. Typically, it can be obtained
non-invasively by PET imaging of the blood supply
through the carotid artery in the lower portion of the
brain(Chen et al., 1998), or invasively by taking arte-
rial or venous samples. Generally, the goal is the de-
termination of the parametric values at the voxel level,
and thereforey is the value of the intensity at a given
voxel andEq. (1) is assumed to describe the voxel
level dynamics. We thus suppose that we have a se-
quence of volumetric PET images of the brain, taken
at timesti, i = 1, . . . , n, wheren is typically small,
22 in this study, and the time intervals
ti = ti+1 − ti

are not constant across the ranget1, . . . tn. There are
many approaches for the solution of the optimization
problem for the determination of the kinetic rate pa-
rameters by the matching of the output time activity
curves (TACS) with the analytic representation of the
solution, see for example,Feng et al. (1993). Here we
do not focus on these techniques but on the data that
is used in these algorithms.

ConsiderFig. 1, which gives examples of the input
function and the measured output for random choices
of voxels, respectively.

There are several points to note about the data
shown in these figures:

• The output data are very noisy. We know that the
data indicate intensity values which correspond to
densities, and should be positive.

• The data points indicate the unequal time intervals
over which the PET data is obtained.

• The initial time intervals are very short in order to
attempt to catch the first peak as the tracer reaches
the tissue, which is crucial for catching the initial ex-
ponential increase of tracer in tissue, and hence as-
sists with correct determination of the kinetic rates.

• The data are only illustrated through timetn−1. The
last time interval is very long, 20 min, and the output
changes little over this interval which is, however,
crucial for estimating the long time decay term in
the output, and hence contributes significantly to the
estimation of the kinetic rates.

These observations serve to elucidate the difficulties
associated with determination of parametric images
describing FDG tracer dynamics in the brain. In or-
der to obtain statistically reliable estimates of kinetic
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rate parameters at either the region of interest (ROI)
or voxel level, it is important that we find reasonable
estimates for the range of the parameters by initially
dealing with the noise in the images. We consider an
approach based on clustering of voxels which demon-
strate similar dynamic behavior.

1.2. Clustering of the data

Clustering of data can be viewed as a form of seg-
mentation of the data. The application of segmenta-
tion techniques has a rich history in the processing of
magnetic resonance images (MRI), see for example,
the overview byClarke et al. (1995), but has not been
widely used for parametric PET imaging, primarily
because of the low signal-to-noise ratios (SNR). In
particular, in dynamic PET, the SNR of the first im-
ages is much lower than that of the final images be-
cause of the need to use a short time interval to catch
the early peak in the transport of tracer to the tissue.
Recent research results, presented by several research
groups, demonstrate that the incorporation of effective
clustering as a preprocessing step prior to paramet-
ric estimation offers the opportunity to improve the
accuracy of voxel level quantification(Kimura et al.,
2002; Zhou, 2000). Kimura et al. assumek4 = 0, and
separate the character of parameterK1 from that of
k2 and k3 by normalizing the data. The method of
principal components is used to cluster the normal-
ized data, including information fork2 and k3. The
parameterK1 is estimated voxel by voxel afterk2 and
k3 have been estimated cluster by cluster. Zhou uses
the classical hierarchical average linkage (HAL) clus-
tering method to generate a subspace of admissable
TACs at the voxel level.Ashburner et al. (1996)use
the assumption that the PET data satisfy a Gaussian
distribution, andActon et al. (1999)use fuzzy clus-
tering. Then typical approaches for handling the poor
SNR include the solution of the parametric estima-
tion problem subject to constraints derived from the
cluster solutions(Zhou et al., 2001), and/or the intro-
duction of a weighted functional for the minimization,
typically with weights proportional to the time inter-
val for the measurement of the given frame of data.
While these approaches are to some degree success-
ful they are limited in their ability to provide accu-
rate and efficient solutions for large four-dimensional
data sets.

Here we propose a two-stage preclustering step to
reduce the cost of the global clustering. Numerical
results are presented which validate the preclustering
technique as an effective preprocessing step which
significantly improves the efficiency of clustering for
parametric data.

1.3. Paper outline

In the remaining sections of the paper we present
first a brief review of the key aspects of algorithms for
clustering of data: the choice of distance measurement
between clusters, how to add or remove elements from
clusters, how to initialize clusters and how to decide
the number of clusters. We then provide our ratio-
nale for the preclustering of the data and describe the
preclustering algorithm, which can serve as a prepro-
cessing step for any clustering algorithm. A brief out-
line of the algorithm for preclustering is presented in
Appendix A. In Section 4, we use FDG dynamic data
from 13 healthy individuals to show the improvement
in efficiency and accuracy due to the inclusion of the
specific preclustering phase as compared with results
of clustering without preclustering. We conclude that
the presented technique offers a novel cost effective
and accurate option for quantification of functional
PET data.

2. Segmentation of multivariable data by
clustering

We consider the general case in which we have a
set of multivariable data, vectorsx of lengthn with
componentsxl, l = 1, . . . , n. Generally, the compo-
nents ofx represent features of the data set, which is
to be clustered, orgroupedaccording to the similarity
of these features. In our case the vectorsx are the mea-
sured TACs at each voxel. These vectors can be con-
sidered as the columns of a matrix of sizen×m, where
m is very large. For example, with a relatively coarse
resolution for three-dimensional (3D) brain data, we
may expect to have 31 slices of two-dimensional (2D)
data measured on a 128× 128 grid, yielding a total
data set of 219 entries, each of which is a vector of
values of time measurements. Some of the data lie out-
side the field of view of the imaged object, and thus
the actual data set has sizem, wherem < 219. The
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number of time frames is typically small, a moderate
estimate would be 22 frames,n = 22.

We suppose that the underlying imaged object, here
the brain, consists of a finite number of tissue types, the
case for FDG modeling, sayk different tissues which
have different biochemical, or physiological, proper-
ties. The goal is to determine these underlying bio-
chemical properties from representative TACs of the
k different tissue types. With clustering of the TACs
into k groups we intend to obtain groups such that ul-
timately TACs which are in the same group should be
more similar, relative to some measurement of sim-
ilarity, to each other than to TACs in other clusters.
A representative member of each cluster, for example
its mean TAC, may then be used to provide quantita-
tive estimates of kinetic rate constants of the cluster.
Further processing of this data for information at the
voxel level is considered in other works and will not
be emphasized here.

There are many excellent references which re-
view the field of clustering, see for example,Jain
and Dubes (1988), Kaufman and Rousseeuw (1990),
Bezdek (1981). These algorithms differ in many ways
such as the way that similarity between clusters is
measured, how to add or remove elements to/from
clusters, their initialization and whether assignment
is revocable or not.

2.1. Distance measurement between TACs

We suppose thatd(x, y) is a measurement of the
dissimilarity between the multivariable vectorsx and
y. For example, a typical choice would be the usage of

d(x, y) =
(

n∑
l=1

|(xl − yl)wl|p
)1/p

, (3)

a weighted Minkowskip-norm which satisfies the
usual mathematical requirements for a norm, and
where the choicewl = 1 for all l would suppose that
each featurexl has equal significance. Forp = 2 this
is the weighted sum of squares, or Euclidean distance,
and for p = 1 the weighted Manhattan norm. This
distance may be calculated elementwise, i.e. for all el-
ements in a given cluster as compared to all elements
in another cluster, or with respect to arepresentative
element of a cluster, such as the cluster centroid.
The hierarchical centroid linkage (HCL),Sokal and

Michener (1958)uses the centroidµI for group I

as the representative group vector and the distance
between clusters is given by the distance between
the group vectors,DIJ = d(µI, µJ). The distance of
a single point to a single cluster isd(µI, xj). Zhou
(2000)uses HAL, where the average distance between
clustersI and J , of sizesnI and nJ , respectively,
given by

DIJ = 1

nInJ

∑
i∈I

∑
j∈J

d(xi, yj) (4)

is used to measure an average distance with respect
to all pairs of elements(Sokal and Michener, 1958).
For PET it is imperative that weighting is included in
order to account for the difference in the SNR of the
different time frames (seeFig. 2) due to the increasing
time windows used in functional PET. We thus weight
elementsxl with wl = 
tl, where
tl is the width of
the lth time window.

Fig. 2. Illustration of clustering to five clusters for slice 16 of an
FDG-PET image of an healthy individual with different distances.
From right to left and top to bottom these are: (a) Manhattan
distance, (b) Euclidean distance, (c) weighted Manhattan distance
and (d) weighted Euclidean distance.
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2.2. Forming the clusters

Given a quantitative measured of similarity or dis-
similarity between TACs as defined by a given distance
choice, one needs to determine how clusters should ac-
tually be formed. There are several options: hierarchi-
cal algorithms perform successive merging or splitting
of the data according to a similarity measurement. For
example, in the hierarchical linkage algorithm (HL),
the algorithm is initialized via the calculation of a dis-
tance matrix of sizem, where the element in theith
row andjth column represents the distance between
objectsi andj induced by the distanced(xi, xj). Then
at the first stage the two objects for which theij en-
try is least are merged, hence forming the first clus-
ter. The entries of the matrix are updated to reflect the
distance of elements from this new cluster, hence re-
ducing the size of the matrix by one. The process is
repeated, pulling out entries into a new cluster at the
next stage and continues, sweeping through the up-
dated matrix at each step to determine the appropriate
linking of objects. An algorithm which obtains clus-
ters in this way is called a single linkage(Florek et al.,
1951), or nearest neighbor, because the minimum re-
quires only that one pair of elements is close, possibly
overemphasizing the effects of outlier data. Linkage,
called complete linkage(Sorensen, 1948), according
to a maximum ofd(x, y) over all pairs(x, y) ∈ I ⊗J

generates very compact clusters which tend to ignore
outlier data.

A clear problem with these algorithms is that
the initial matrix requires very high storage for the
given brain data, due to the size ofm, say 215 if just
one-sixteenth of the data represents non-zero TACs.
This problem is partially avoided if the number of
clusters is assumed and initial elements for these
clusters are chosen, then, ifk is relatively small, the
initial distance matrix is commensurately smaller.
Moreover, because these algorithms areirrevocable,
once an element is assigned to a cluster it cannot
be reassigned, their effectiveness depends on a good
initialization of the cluster elements.

2.3. Cluster initialization and number of clusters

In all of the above cases we may expect that the al-
gorithms are made more efficient if we not only have
a good estimate of the anticipated number of clusters

but also that we have a good initialization approach
which includes as much of the known information as
available. Here we do not focus on the former require-
ment, since it is usually anticipated that there will be
no more than perhaps five different tissue types im-
pacting the clustering. Instead, we present a novel au-
tomatic initialization of the clusters,thresholdingwith
preclustering.

3. Methods

3.1. Histogram-based thresholding

Clustering of 4D PET data is prohibitive in time and
memory. We seek to make the clustering of this data
feasible in two ways: first by identifying active voxels,
those in which the strongest kinetic activity is occur-
ring as indicated by the voxels with highest intensity,
and second by preclustering these active voxels. We
illustrate the rationale of the first step by consideration
of histograms for the density frequencies of multidi-
mensional data at different time frames, seeFig. 3.
We see that the final frame most clearly shows that
there are differences in voxel activity over time: in
the early frames there is significant evidence of noise
from the reconstruction process, specifically negative
values of the density because the sampling interval
is small. This indicates that there are voxels in these
frames with low tracer activity and thus very poor
SNR for such small sample intervals. While we could
chose to perform an initial characterization of voxels
from any frame if some structural information were
available, here we propose the automatic separation
into active and inactive voxels using thresholding for
the final frame. This first step is very straightforward,
and simply relies on the identification of a separation
between the two distributions using a mixture model
based on thresholding, and will not be described in this
report.

3.2. Preclustering

The initial thresholding into active and inac-
tive voxels does not provide enough information to
precluster the data, since clustering should include
features over the entire TAC and not just the final
frame. We assume, when preclustering is used prior
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Fig. 3. Histograms of densities summed over all three spatial dimensions for time frames, from left to right, at the beginning, a middle
frame at time 0.9 min and the last frame at time 45 min.

to an irrevocable algorithm, that the linkage order in
the early stages has little effect on the final clusters,
provided that the number of clusters is small relative
to the overall size of the data set, which is certainly
the case in this situation. Thus we propose a fast ap-
proach for the initial clustering of the data, followed
by standard and more accurate clustering at the later
stages.

To illustrate our idea, we analyze the histogram for
the active voxels at the last time frame, seeFig. 4.
The density which occurs with highest frequency
is attained at a density around 0.03, with frequency
5934. If we identify a set,N0, of voxels in this frame
with density near 0.03 we can calculate a mean TAC
from the TACs for the voxels inN0. This mean TAC
can then be used to find an initial cluster,G1, of
voxels with TACs near this mean. Note that at this
point we search over all voxels, not only those in
N0, and distances are measured with respect to the
entire TAC and not only the last frame. Removing
voxels in G1 from the histogram of the final frame
we obtain the histogram in the right portion ofFig. 4

Fig. 4. Histogram of density of active voxels from a scan at the
last time interval. The scan has 31 total slices, and each slice is
128× 128. The left figure is the original histogram, and the right
the histogram after removal of the initial cluster.

which now has two peaks on two separated intervals.
We can repeat this process on each subinterval to
find several preclusters for initialization of the cluster
algorithm.

The specific parameter-dependent algorithm is
provided inAppendix A, along with a modification
which improves the preclustering by an additional
step in which each non-clustered voxel is assigned
to its closest cluster, over existing clusters. The ideas
of the algorithms are described in the following
subsections.

3.2.1. Parameter-dependent algorithm
Denote the density of voxelsq in the chosen frame

by f(q) and denote the frequency of the occurrence of
f(q) byF(f(q)). The average frequency off over den-
sity interval [a, b] is denoted byFmean[a, b]. We intro-
duce an integer labeling associated with each voxel,
which not only identifies the voxels under consider-
ation, but is then subsequently used to identify the
cluster to which the voxel is assigned. Hence define,
initially, labeling arrayB(q) × B(q) = 0 for inactive
voxels andB(q) = 999, otherwise. The choice 999
is arbitrary but represents a significant overestimate
on the maximum number of clusters anticipated. The
initial interval for preclustering, the current active in-
terval [a, b], is defined such thata ≤ f(q) ≤ b for
B(q) = 999.

The algorithm requires the specification of param-
eters, κ, β, γmax and γnk, which set the tolerances
for extraction of the preclusters, as follows. We de-
fine the density corresponding to the maximum fre-
quency on the current interval [a, b] by fmax[a, b] =
arg maxf(q)∈[a,b]F(f(q)). A set of voxels with density
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nearfmax is defined by the set

N0 = {q : (f(q) ∈ [a, b])

&

( |f(q) − fmax[a, b]|
fmax[a, b]

≤ κ

)

&

(
F(f(q))

Fmean[a, b]
≥ β

)
& B(q) = 999

}
. (5)

The first condition insures that we look only at voxels
with density in the chosen interval on the histogram.
The second condition, dependent onκ, seeks voxels
with densities near the density with maximum fre-
quency, measured relatively. Finally, the third condi-
tion, dependent onβ seeks only voxels whose density
has high frequency.

Associated with each entryq of N0 is a TACxq for
voxel q and we can calculate the average TAC(N0)
over all q ∈ N0. At the next step we need to find
all voxels with TACs which are close to TAC(N0) =
N̄0, measured with respect to a tolerance given by
γmax, which is an estimation of the maximum rela-
tive radii of the preclusters. The initial cluster at stage
nk of the preclustering process is then defined by
the set

Gnk =
{
q :

d(xq, N̄0)

d(0, N̄0)
< γmax& B(q) = 999

}
. (6)

We refine the estimate ofGnk by calculating its av-
erage TAC, updating its center to this new average,
and thus determining its new radius. We do this recur-
sively until the center becomes stable and such that
Gnk has a radiusγnk which makes it sufficiently dense
with respect to the frequency of occurrences of its el-

Fig. 5. 3D clustering: slice 16 of subject 4277, and the resulting average TACs for each cluster on the whole brain. From left to right (a)
Algorithm 1, (b) Algorithm 2 and (c) the mean TACs for each of the five clusters.

ements. Finally, we update the labeling of the voxels
according toB(q) = nk for voxels q ∈ Gnk, which
removes these voxels from further process during the
preclustering phase. We also calculate new intervals
for further preclustering, the intervals [a, c] and [c, b],
wherec is the average forf(q): q ∈ Gnk.

3.2.2. Parameter selection
The final clustering is most sensitive, in terms of ef-

fectiveness and efficiency, to the parameterγnk which
determines the effective width and density of theGnk.
Consider the case when allγnk are taken large: the vox-
els are quickly clustered, the preclustering produces
fewer but larger clusters, and there is little work re-
maining for the final clustering. The limit of largeγnk
corresponds to an initial cluster which is the whole
brain but the limit as allγnk → 0, creates empty initial
clusters. There is clearly a trade-off in accuracy and
efficiency between smaller and larger choices forγnk
and their choice is purpose dependent. If the goal is
individual voxel clustering, then they should be really
small so that the clustering is as accurate as possible.
But if the goal is to generate mean TACs for subse-
quent refinement at the tissue level, thenγnk can be
chosen to be relatively large. In the latter case we have
found that an appropriate choice can significantly re-
duce the size of the data set for the final clustering,
while maintaining good accuracy in the calculation of
the tissue TACs. An example of clustering 3D data is
illustrated inFig. 5, in which the data set was preclus-
tered into 25 clusters (containing in total 91,215 vox-
els) and 27,917 isolated voxels, yielding a reduction
in the size of the final data set for clustering by more
than 75%.
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Table 1
Computational cost with and without preclustering, measured in hours (h), minutes (min) and seconds (s)

Algorithm 2D (average) 3D (4277)

HCL HAL HCL HAL

1 7 s 68 s 12 min 37 s 10 h 20 min
2 6 s 50 s 46 s 8 h 10 min
HL 2 h 1 min 2 h 33 min NA NA

Cost for 3D data of subject 4277, and for 2D data averaging over all 13 subjects. NA indicates that the algorithm did not complete because
of memory requirements.

4. Experimental results

PET-FDG brain data from 13 healthy subjects were
used for the evaluation of both HAL and HCL algo-
rithms with and without preclustering. In these exper-
iments we use parameters which we have found to
be optimal,β = 1, κ = 0.05 andγmax = 0.085, and
which should be suitable as default values for simi-
lar PET studies. We would assume some initial effort
be applied to assess this default choice for other stud-
ies, probably dependent on scanner resolution, time
interval of final scan, and tracer under consideration.
Once determined for a given data set and trial, the pa-

Fig. 6. Clustering of slice 16 for subject 4277. From left to right, and top to bottom: (a) HAL, (b)Algorithm 1, (c) Algorithm 2 and (d)
the mean TACs for the clusters.

rameters should be held fixed, thus introducing only
a small initial overhead. Experiments use Matlab13.
In all presented figures the notationmTAC denotes
the mean TAC for the specific cluster. InFigs. 5–7,
where results are reported for more than one algo-
rithm, the ‘−’ indicates the continuous line, and the
other results, indicated by ‘+’ and/or ‘.’ symbols are
superimposed.

4.1. Test 1: 3D data

This test is used to show the difficulty of standard
clustering of 3D data. For the data from subject 4277



H. Guo et al. / BioSystems 71 (2003) 81–92 89

Fig. 7. Clustering of slice 16 of subject 4277. From left to right, and top to bottom: (a) HCL, (b)Algorithm 1, (c) Algorithm 2 and (d)
the mean TACs for the clusters.

we selected 103,581 active voxels by thresholding the
initial data. The resulting data set is still too large
for standard clustering either using Matlab or SAS,
on our Solaris Sun System 8. While the use of Mat-

Table 2
Average and centroid linkage algorithms: HAL and HCL, with and without preclustering byAlgorithms 1 and 2: the average relative
differenceν01, ν02 between the mean TACs generated by HAL andAlgorithm 1, andAlgorithm 2, respectively and between bothAlgorithms
1 and 2, ν12, and the average relative differenceµ01, µ02 between the mean TACs generated by HCL andAlgorithm 1, andAlgorithm 2,
respectively and between bothAlgorithms 1 and 2, µ12

Subject ν01 ν02 ν12 µ01 µ02 µ12

4290 3.1E−02 3.2E−02 9.8E−04 2.8E−02 2.8E−02 7.6E−04
3004 1.4E−02 8.9E−03 5.5E−03 6.4E−03 1.2E−02 5.4E−03
4264 2.7E−02 2.7E−02 7.1E−05 4.8E−02 4.8E−02 1.5E−04
4277 3.6E−02 3.6E−02 2.0E−04 4.9E−02 4.9E−02 2.0E−04
4248 3.0E−02 3.1E−02 2.5E−04 4.6E−02 4.6E−02 1.9E−04
4143 1.1E−02 1.1E−02 2.3E−04 4.2E−03 4.2E−03 2.4E−04
4164 2.7E−02 2.7E−02 6.2E−04 5.3E−02 5.1E−02 1.6E−03
4115 4.5E−02 4.5E−02 4.5E−04 5.3E−02 5.3E−02 2.2E−04
4214 1.4E−02 1.4E−02 3.0E−04 1.6E−02 1.6E−02 3.4E−04
4222 2.3E−02 2.2E−02 4.9E−04 2.4E−02 2.5E−02 5.3E−04
3577 3.9E−02 3.9E−02 3.7E−04 4.0E−02 4.0E−02 1.5E−04
3246 3.1E−02 3.1E−02 8.2E−04 4.1E−02 4.1E−02 1.2E−03
4179 2.4E−02 2.6E−02 2.1E−03 2.3E−02 2.4E−02 1.9E−03

lab or SAS clearly limits the algorithmic efficiency, it
is also our goal to examine methods which are read-
ily and easily implemented. After preclustering we
have 25 clusters which are then reduced each to five
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Fig. 8. Pairwise test for parametersK1, k2, k3 and Eq. (2), regression analysis estimating by preclustered HAL against HAL.

clusters using the standard HAL, seeFig. 5. Compu-
tational costs in terms of running times are reported in
Table 1.

4.2. Test 2: Comparison for 2D with and
without preclustering

We validate the preclustering byAlgorithms 1
and 2as compared to the standard clustering for both
HAL and HCL. The costs are also reported inTable 1
and the results in one case, subject 4277, are illus-
trated inFigs. 6 and 7. Results for all 13 subjects are
presented inTable 2.

4.3. Test 3: Statistical significance

To provide a statistical test of the reliability of
the preclustered mean TACs we report results of
pairwise testing for the calculation of the kinetic pa-
rameters, withk4 = 0. The generalized linear least
squares (GLLS),Feng and Huang (1996)method
was used for estimating the parameters,K1, k2 and
k3 from the average TACs generated by HAL and

Algorithm 1. These parameters andEq. (2) are
well estimated, seeFig. 8. For example, regres-
sion for K1 yields slope 0.994, intercept 0.002 and
P < 10−8.

5. Conclusions

We have demonstrated the feasibility of clustering
techniques for the improvement of the calculation of
parametric data from series of PET images. Because
of special issues with time series data arising from se-
quences of PET images obtained at unequal time inter-
vals, the weighting of distance measurements used for
clustering is crucial. To deal with the vast quantity of
data obtained from 3D volume measurements, it is also
essential that the data are subjected to preclustering. A
new technique for preclustering is described and val-
idated. Numerical results presented demonstrated the
validity, and efficiency of clustering for dynamic PET
analyses. Future work will focus on increased resolu-
tion in clustering for identification of the input data
from nonactive pixels.
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Appendix A

Algorithm 1 (HL cluster with preclustering).

(1) Initialization phase
• Input parametersβ, γmax, κ. Setnk = 1.
• Filter out voxels with insignificant values:

◦ Use thresholding to identify active voxels in
the last frame.

◦ Set B(q) = 0 for all inactive voxels.
ElseB(q) = 999.

• Find the first active interval [a, b] such that 0≤
a ≤ f(q) ≤ b.

(2) Repeatedly work on active intervals until either no
more active intervals are available or a maximum
iteration number has been reached as follows:
• For active interval [a, b]

◦ Calculatefmax = arg maxf(q)F(f(q)), for
f(q) ∈ [a, b].

◦ Find the current initial clusterN0 according
to (5).

◦ If |N0| < 2 determine that current interval is
inactive.

◦ Else
Calculate the mean TAC forN0, N̄0.
Find thenkth preclusterGnk corresponding

to relative radiusγnk.
If |Gnk| < 2 determine that current interval

is inactive.
Else

SetB(q) = nk for q ∈ Gnk.
Form new active intervals [a, c], [c, b],
c = average off(q) : q ∈ Gnk.
Update cluster numbernk = nk+ 1.

End if
◦ End if

• End for

(3) Do HL clustering on the reduced data set, i.e.Gnk
and all voxels for whichB(q) = 999.

Algorithm 2 (HL clustering with preclustering and
classification).

(1) Carry out all steps inAlgorithm 1 except the last
HL clustering step.

(2) For all preclustersGj calculate the mean TAC,
Ḡj, j = 1, . . . ,nk.

(3) For all voxelsq: B(q) = 999 calculated(xq, Ḡj)
j = 1, . . . ,nk.

(4) Merge voxel q with clusterGj∗ , such that
d(xq, Ḡj∗) = minj d(xq, Ḡj).

(5) Join updated clusters by HL clustering until we
reach the given number of clusters.
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