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Abstract— Positron emission tomography (PET) of the cerebral
glucose metabolism has shown to be useful in the presurgical
evaluation of patients with epilepsy. An iterative reconstruction
algorithm is derived for the detection of subtle hypometabolic
regions in FDG-PET images of the brain of epilepsy patients. Prior
anatomical information, derived from MR data, and pathofysio-
logical knowledge was included in the reconstruction algorithm.
Results showed an improved signal-to-noise ratio and a reduction
of bias.

Index Terms— Positron emission tomography, iterative recon-
struction algorithm, anatomical prior information, epilepsy

I. INTRODUCTION

ATIENTS with refractory epilepsy can be treated by

surgical removal of the epileptogenic region in the brain.
Positron emission tomography (PET) of the cerebral glucose
metabolism in these patients has shown to be very useful in
the presurgical evaluation. We derive an iterative reconstruction
algorithm, dedicated for the detection of epileptogenic regions
in FDG-PET images of the brain of epilepsy patients. In
this algorithm, anatomical information and knowledge about
the pathofysiology of the glucose metabolism in epilepsy is
included.

II. METHODOLOGY
A. Assumptions

Interictal (i.e. between seizures) '®FDG-PET images often
show a decreased cerebral glucose metabolism in the gray
matter (GM) of patients with refractory partial epilepsy. This
hypometabolic region usually comes with the epileptogenic
region. If no lesions or tumors can be found as the cause of
epilepsy, we can assume that the metabolic activity of the white
matter (WM) is uniform. Moreover, no tracer accumulation is
expected in the cerebrospinal fluid (CSF) during the measure-
ment. The identification of GM, WM and CSF can be obtained
from a high-resolution anatomical MR image of the brain of the
same individual. Current segmentation algorithms of the brain
[1] can accurately determine the different tissue classes. The
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remaining unlabeled voxels are grouped in an additional class,
labeled “other”. In most segmentation algorithms, the procedure
returns the probability that a voxel belongs to a certain tissue
class. This is generally called, a fuzzy classification. For each
voxel, we will assume that the probability for a tissue class
approximates the underlying tissue composition. This implies
that the segmentation probability is interpreted as a tissue
fraction [2]. The set of segmentation images is then denoted
{fE, fW, f€, f©} and represents the a priori knowledge which
will be incorporated in the reconstruction algorithm. Note that
for each voxel j,
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Differences in geometric alignment and image sampling grid
are typical for images of the same patient using two imaging
modalities. However, using a state-of-the-art image registration
algorithm [3], it is possible to compute the affine transformation
matrix 7 that is needed to align the MR image with the PET
image. This action requires a preliminary reconstruction of the
emission data. Since registration algorithms for the brain are
very accurate, we will neglect registration errors. 7 is then
used to align the segmentation images with the PET image.

B. Derivation of the algorithm

Due to a tracer activity distribution A = {\;[j =1,... ,J}
in the field of view of a PET scanner, y; photon pairs are
measured at a line of response 7. If \; represents the amount
of activity at voxel position j and c¢;; is the probability
that photons emitted in voxel j were detected in ¢, then
E(y;) = 3_;cijA; represents the expected amount of photon
pairs. The matrix of detection probabilities {c;;} is called the
system matrix and contains a mathematical description of the
projection process with the associated physical effects that take
place between emission and detection of photons. Since, we
assume that the measurements are samples from a Poisson
distribution, the logarithm of the likelihood of measuring y;,
when E(y;) is expected, is

L= |uln (> cph | =D csd—@)| @
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If the logarithm of the prior M is used to impose additional
constraints on the solution, we can compute the maximum-a-



posteriori (MAP) estimator of \;, given by
A =arg m{a@x(L + M) 3)

A mathematical formulation of the attenuation of photons and
the finite detector resolution effect is included in the system
matrix, given by

Cij = Y Eqjaghiq €5
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with p, the linear attenuation coefficient at voxel position &, Iy
the effective intersection length of the projection beam through
detector pair ¢ with the volume represented by voxel k, h a
shift-invariant Gaussian resolution blurring kernel with o the
standard deviation of the point spread function, proportional
to the full width at half maximum (FWHM), d;, the distance
between detector sampling grid location ¢ and ¢, and ¢,; the
detection probability in absence of attenuation and detector
resolution effect. We will ignore scatter and randoms in the
theoretical framework of this paper.

Next, we define a number of subsets of the voxel space J =
{jlj=1,...,J}. These subsets are based on the anatomical
information included in the segmentation images. The first set
B corresponds to voxels belonging to the brain. The second set,
complementary to B, is denoted Q. These sets are defined by

B = {Jellff+fV+f >eal (5)
0 = J\B (6)

with 0 < ¢; < 1. Set B is partitioned in voxels that are
classified as voxels containing at least partially GM, denoted
by G. The complementary part of G within B is denoted by N:

(i €BIfS > e} (7)
B\ G (3)

G =
N p—
with 0 < €2 < 1. Finally, two subsets within N are defined

containing voxels which are composed of mainly WM, denoted
by W, and voxels composed of mainly CSF, denoted by C:

{7eNIfY > (1~ e)} ©)
(i eNIff = (1-a) (10)
with 0 < e3,e4 < 1. Apart from these subsets, every PET
voxel j can be thought of as a source with an activity \; equal

to the total amount of fractional activities of the contributing
tissues, or
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For 7 € G, we make an approximation of (11). Since both WM
and CSF are expected to have a uniform activity, we can replace
the activity of these tissues in (11) with their mean activities
calculated in regions W and C respectively. Furthermore, GM

is surrounded by WM and CSF, which implies that fjo = 0.
For j € G, equation (11) is approximated by
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In (13), we assume that \; represents the “true” value for WM
and CSF. This assumption can be made if €3 and €4 in (9)
and (10) are very small, which implies that we use only voxels
which are “almost” homogeneous in a certain tissue class. Then,
instead of estimating A = {)\;|j € J}, we estimate A*, with

A ={X§|jeGIu{)|j eNUO} (14)
This can be considered as a transformation,
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This is equivalent to a MAP reconstruction, presented in (3),
if we replace ¢;; by ¢;; and A; by Aj:
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In W, we impose a priori knowledge using a Gaussian prior,
since W contains voxels composed of mainly WM which is
expected to have a uniform activity. This is done similarly for
voxels within C and R = N\ (WU C):
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with OBy, Bc, Br the weights and oy, o¢, o the widths of the
Gaussian priors. Note that R contains voxels partly composed
of WM and CSF, and the WM accounts for the activity. The
propagation of noise in G is controlled using a Gibbs smoothing
prior, given by
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with 3, the prior weight, d;; the Euclidean distance between
voxel j and k, N; the neighborhood of voxel j with j ¢ N
and N¥ = N; NG, and & the local prior weight based on
a measure of the difference in activity at j and k. Then, we
replace the logarithm of the prior in (3) with

M=M"+ MC+ MR+ MC (23)
Finally, the reconstruction image is computed via the inverse
transformation described in (15). This means, for all j € G,
A§' should be replaced by

FENT + [+ f7AC (24)

As in [4], we used a heuristic gradient ascent form of the
expectation maximization (EM) approach for the optimization
of (3). The iterative recontruction algorithm is then given by

oLl oM
N |5 0N |5
AL = A7 4 A —22 A (25)
el
e — A
i TN s

Henceforth, this iterative reconstruction algorithm is called
Anatomical based MAP (A-MAP).

III. EXPERIMENTS

We studied the performance of this reconstruction algorithm
for the detection of hypometabolic regions using a Monte Carlo
simulation experiment.

Because the shape of the human brain is complex, we
constructed a clinical realistic brain phantom. This phantom
was based on the three-dimensional (3D) digital phantom pro-
vided by the BrainWeb database [5]. To speed up simulations,
the experiment was performed on a two-dimensional (2D)
transaxial slice. The digital phantom was used to make a
baseline FDG-PET tracer distribution representing the glucose
metabolism of a normal brain. We call this image, the baseline
phantom (BP). For that purpose, the GM, WM and CSF tissues
were identified in the discrete anatomical model [6], called: the
binary tissue maps of GM, WM and CSF. The discrete BP was
constructed by setting the activity to a clinical realistic number
of 25 counts per voxel (cpv) in the GM region, 6.25 cpv in
the WM region and O cpv in the CSF. Image dimensions are
217x217 voxels with an isotropic voxel size of 1 mm. In a
duplicate of the BP, we selected five regions in the GM with a
varying extent. The activity in these regions was decreased as in
hypometabolic regions. This image is called: the hypometabolic
phantom (HP). The extent E in voxel units and the proportional
decrease of activity A of the regions are listed in Table I. Since,
(a) our reconstruction method uses anatomical information in
the form of tissue fractions, and (b) the anatomical information
is assumed to be known exactly in the description of the
experiment, both the discrete BP and HP were smoothed
using a two-dimensional (2D) isotropic Gaussian kernel with
2 mm FWHM. The PET acquisition process was simulated
by projection of both the BP and HP over 144 angles using

TABLE I
THE EXTENT E IN VOXEL UNITS AND THE PROPORTIONAL DECREASE A OF
ACTIVITY FOR THE HYPOMETABOLIC REGIONS.

l region | extent E (voxels) ‘ decrease A (%) |

1 43 20
2 28 22
3 42 24
4 44 20
5 45 20

a uniform attenuation image derived from the contour of the
digital brain phantom and g = 0.095cm™!. To account for
the finite resolution effect of the detector, both sinograms were
smoothed along the detector grid using a one-dimensional (1D)
Gaussian kernel with 5 mm FWHM. These sinograms were
considered to be the noiseless PET measurements of the BP and
HP. Of each sinogram a number of Poisson noise realizations
were computed.

We studied the performance of the A-MAP algorithm in the
detection of hypometabolic regions using the same anatomical
information during reconstruction as for the construction of
the phantoms. This means that the binary tissue maps of GM,
WM and CSF were also smoothed using a two-dimensional
(2D) isotropic Gaussian kernel with 2 mm FWHM and the
different tissue fractions {f¢, fW, f¢ fO} were determined.
This is an ideal situation which enables us to study the optimal
performance of using anatomical information.

The following reconstruction parameter settings were used
for all three algorithms. The threshold parameters were €¢; =
0.01, for « = 1, 2, 3, 4. In that way, all voxels with a partial GM
contribution, i.e. at least 1%, are contained in G. Moreover,
voxels within W and C are almost homogeneously WM and
CSF, respectively. The global weight of the smoothing prior
was (3, = 8. The global weights of the Gaussian priors and
their widths were Oy = B¢ = Br = 10 and oy = o¢ =
or = 3, respectively. The choice for & in the Gibbs prior
of equation (22) was based on the following rationale. Since
the normal glucose metabolism in the GM is not uniform but
rather locally varying throughout the entire brain, the amount
of penalty should not be based on the absolute, but rather on the
relative difference of activities. Moreover, the penalization term
should become tolerant for differences that are large enough
to be real. We have recently shown that these properties are
combined in the relative difference (RD) prior [4], in which
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with V; a neighborhood of j and ~y a parameter controlling the
point from which the prior becomes tolerant. Penalization is
quadratic for small and linear for large differences. The factor
2/7 is related to an “intermediate” relative difference value. We
assumed that a relative difference of 5 % was an intermediate
value, such that v was set to 40.



() (b)

Fig. 1. Figure (a) shows the uniform attenuation map. Figure (b) shows a
composition of the binary tissue maps: CSF is indicated in black, GM in dark
gray and WM in light gray.

The performance of the A-MAP algorithm was compared
with post-smoothed ML-EM and MAP-EM. We used the post-
smoothed ML-EM reconstruction algorithm as the current
standard in this process of evaluation. This algorithm was
implemented as described in (25), but with M = 0. The recon-
struction image was post-smoothed using a two-dimensional
(2D) isotropic Gaussian blurring kernel. The FWHM of this
kernel was varied between 3 mm and 5 mm. We used the
MAP-EM reconstruction algorithm as an indicator for the
non-anatomical based use of prior information. The MAP-EM
algorithm was implemented as described in (25) and

M= ﬂgZd
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where @ is given by (26) and \; a 3 x 3 neighborhood. Ordered
subsets were used in all three algorithms. We used an iteration
scheme with a decreasing number of subsets, consisting of
(subsets x iterations): 36x5, 24x5, 18x5, 16x5, 12x5, 9x5,
8x35, 6x5, 4x5, 2x5, 1x10. This scheme is almost equivalent
to 685 regular iterations.

Further, we use the following symbols: B"' and H™' for the
reconstruction images of the noiseless PET emission data of
BP and HP, respectively; \;(B()) and \;(H (") for the recon-
struction images of noise realization r of the PET emission data
of BP and HP, respectively. BP" and HP" denotes the “true”
baseline and hypometabolic phantom images, respectively.

The performance of each algorithm was measured using a
variety of metrics. The detection of hypometabolic regions was
quantified using a computer observer. For each reconstruction
algorithm and for each noise realization r, we measured

By —HP) N (1)
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with [ either B or H, and R a region of interest (ROI). For
s = sn1, the signal-to-noise ratio (SNR) was computed using
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Fig. 2. The baseline phantom (BP) image is shown in (a). The remaining
figures show the reconstruction images of the noiseless BP emission data: the
A-MAP reconstruction is shown in (b), the MAP-EM reconstruction is shown
in (c) and the ML-EM reconstruction is shown in (d). All images are scaled
to the same intensity range: white corresponds to zero and black corresponds
to an activity of 30 counts per voxel.

with 5(I) the mean and o2(I) the variance of s(I(")) over all
noise realizations. The root mean squared (rms) bias b(/, R) in
ROI R was computed using

b(I,R) = \/é Z (;\j(]) _IJph)2
JER

(30)

with A(I) the mean of A\(I(")) over all noise realizations, np
the number of voxels in R, and [ either B or H. The rms
variance was computed using

1 1 P _ 2
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with P the number of noise realizations. Finally, we measured
the rms difference (RMSD) between image [BP® — HP"] and

image [\(B) — A\(H)] over different ROIs R.

(€19}

IV. RESULTS

The two-dimensional (2D) uniform attenuation image that
was used in the experiments is shown in Fig. 1(a). For visu-
alization purposes, a composition of the binary tissue maps of
GM, WM and CSF was constructed and is shown in Fig. 1(b).
The baseline phantom (BP) is shown in Fig. 2(a).



3.07 ]
250 o ML-EM-0 ]

c r 1
K] [ ]
® 201 -
3 r ]
S 450 o ML-EM-3 A
S0 ML-EM-4 ]
&8 r MAP-EM ]
5 100 o ML-EM-5]
n F ]
050 & A-MAP ]
0.0f ‘ ‘ ‘ ‘ 1

0 1 2 3 4 5

Bias

Fig. 3. The root mean squared (rms) bias b(B,J) and the rms standard
deviation &(B, J) of all reconstruction algorithms are shown in this diagram.
ML-EM-X means post-smoothed ML-EM using a two-dimensional (2D)
isotropic Gaussian kernel with X mm FWHM.

The A-MAP, using the exact anatomical information, the
ML-EM and the MAP-EM reconstruction images of the noise-
less PET emission data of the baseline phantom, B™ are shown
in Fig. 2(b—d). We computed P = 683 Poisson noise realiza-
tions of the noiseless PET emission data of the BP and HP. The
SNR and RMSD results for each reconstruction algorithm over
different regions-of-interest are shown in Table II. The SNR
values were scaled with respect to the SNR of the MAP-EM
algorithm for comparison. The root mean squared (rms) bias
and rms variance results of the reconstruction algorithms are
shown in Fig. 3.

V. DISCUSSION

We have presented an iterative reconstruction algorithm,
tentatively called A-MAP, that was developed for the detection
of hypometabolic regions in FDG-PET images of the brain
of epilepsy patients. Prior knowledge was included in the
reconstruction process, partly based on information derived
from MR data and partly based on the underlying pathology.
Note that the general structure of the iterative reconstruction
algorithm, shown in 25, was not altered. The major change was
made using a transformation of variables, which has a positive
effect on the computational complexity of the algorithm.

A-MAP showed an improved SNR and a reduction of rms
bias, compared to MAP-EM and post-smoothed ML-EM. We
can consider bias to be an important parameter in the evaluation
of this reconstruction algorithm, since, in clinical practice, only
one (interictal) PET image is acquired. As opposed to e.g.
subtraction SPECT imaging in epilepsy, there is no ictal counter
image to compare with. The RMSD results reduced when using
A-MAP.

VI. CONCLUSION

We derived an iterative reconstruction algorithm, dedicated
for the detection of small hypometabolic regions in FDG-
PET images of the brain of epilepsy patients. Anatomical

TABLE 11
THE SIGNAL-TO-NOISE RATIO (SNR) AND ROOT MEAN SQUARED

DIFFERENCE (RMSD) RESULTS. THE SNR RESULTS OF A-MAP AND

ML-EM WERE RELATIVELY SCALED WITH RESPECT TO THE MAP-EM

ALGORITHM. ML-EM-X MEANS POST-SMOOTHED ML-EM USING A

TWO-DIMENSIONAL (2D) ISOTROPIC GAUSSIAN KERNEL WITH X MM
FWHM. BOTH THE SNR AND RMSD WERE COMPUTED OVER DIFFERENT
REGIONS-OF-INTEREST (ROI): J, THE WHOLE IMAGE, AND R;, CIRCULAR
ROIS, WITH A TEN VOXEL WIDE RADIUS, CENTERED AT THE LOCATION OF

THE HYPOMETABOLIC REGIONS 1.

. SNR(sp1)
Algorithm i | R | I ‘ R | s [ I
A-MAP 1.25 | 1.26 | 1.17 | 1.30 | 1.23 | 1.33
MAP-EM 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
ML-EM-0 0.77 | 0.73 | 0.76 | 0.81 | 0.74 | 0.77
ML-EM-3 094 | 0.90 | 0.92 | 1.00 | 0.98 | 0.94
ML-EM-4 1.01 | 097 | 0.99 | 1.06 | 1.05 | 1.02
ML-EM-5 1.10 | 1.07 | 1.08 | 1.13 | 1.13 | 1.12
' RMSD{[BP" — HPM, [\(B) — A(H)]}
Algorithm T I i | B ‘ s | s ‘ s
A-MAP 0.18 | 0.74 | 0.73 | 0.82 | 0.61 | 0.51
MAP-EM 0.23 | 0.92 | 0.87 | 0.89 | 0.74 | 0.73
ML-EM-0 0.20 | 0.72 | 0.67 | 0.64 | 0.50 | 0.56
ML-EM-3 0.21 | 0.81 | 0.75 | 0.80 | 0.68 | 0.64
ML-EM-4 0.22 | 0.86 | 0.79 | 0.91 | 0.78 | 0.70
ML-EM-5 0.24 | 0.94 | 0.86 | 1.05 | 0.91 | 0.81

information and knowledge about the underlying pathology was
included in the algorithm. Monte Carlo simulations showed
an improved signal-to-noise ratio and reduced bias. We can
conclude that the use of anatomical information combined
with information about the underlying pathofysiology is very
promising for the detection of hypometabolic regions in the
brain of epilepsy patients. Further evaluation of the algorithm
is underway.
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