Unsupervised restoration of brain SPECT volumes
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Abstract

Thanks to its ability to yield functionally-based informa-
tion, the three-dimensional (3D) SPECT imagery technique
has become a great help in the diagnostic of cerebrovascu-
lar diseases. Nevertheless, due to the imaging process, the
3D SPECT images are blurred and consequently their in-
terpretation by the clinician is often difficult. In order to
improve the resolution of these images and then to facilitate
their interpretation, we propose herein, to extend a recent
image blind deconvolution technique (called the NAS-RIF
technique) in order to improve both the spatial and the inter-
slice resolution of SPECT volumes. This scheme requires
a preliminary step in order to find the support of the object
to be restored. In this paper, we propose to solve this prob-
lem thanks to an unsupervised 3D Markovian segmentation
technique. This method has been successfully tested on nu-
merous real and simulated brain SPECT volumes, yielding
Very promising restoration results! .

1 Introduction

3D SPECT (Single Photon Emission Computed Tomog-
raphy) images are obtained by the detection of radiation-
$ (gamma rays) coming from radioactive isotopes inject-
ed in the human body. Contrary to other medical imaging
techniques, such as X-ray, CT (Computer Tomography), M-
RI (Magnetic Resonance Imaging), etc., this imagery pro-
cess is able to give functionally rather than anatomically-
based information, such as the 3D metabolic behavior of
human brain, by visualizing the level of blood flow of a
set of cross-sectional images. This study of regional Cere-
bral Blood Flow (rCBF) can aid in the diagnostic of cere-
brovascular diseases (e.g., Alzheimer’s disease, Parkinson’s
disease, etc.) by indicating lower, or abnormal higher, 3D
metabolic activity in some brain regions.
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Due to the imaging process, SPECT suffers from poor
spatial resolution mainly owing to the 3D scattering of the
emitted photons. Consequently, resulting 3D SPECT im-
ages are very blurred and their interpretation by the nuclear
physician is often difficult and subjective. If the object to
be visualized is small compared to the source-to-collimator
distance, this degradation phenomenon may be considered
to be shift-invariant [1] and, neglecting noise, this one can
be modeled by a 3D convolution process between the true
undistorted 3D image and the transfer function of the imag-
ing system (also called the Point Spread Function or PSF).

In order to improve the spatial resolution of SPECT vol-
umes, some authors have thus investigated the SPECT im-
age deblurring problem by neglecting the inter-slice blur and
by approximating this transfer function with a 2D symmet-
ric Gaussian function [2, 3] or by considering an a priori
known PSF [4]. In this context, classical Wiener filter tech-
niques [1, 2] or maximum entropy filter-based deconvolu-
tion technique [4] have then been proposed to achieve this
deconvolution procedure and significant resolution improve-
ments have been noticed [1, 2, 4]. Nevertheless, let us note
that these methods don’t take into account the inter-slice blur
inherent to this 3D SPECT imagery process and are sensi-
tive to the assumption made on the nature of the blurring
function. In our applications where little is known about the
PSF, it can turn out to be more relevant to estimate directly
the PSF from the observed input image. This problem of si-
multaneously estimating the PSF and restoring an unknown
image is called a “blind deconvolution” problem. Recent 2D
deconvolution techniques exist, such as the NAS-RIF algo-
rithm, and can also be efficiently extended in the 3D SPECT
imagery context. These techniques require to find, in a pre-
liminary step, the support of the object to be restored. In
this paper, we propose to solve this problem thanks to an
unsupervised 3D Markovian segmentation technique.

This paper is organized as follows. Section 2 describes
the proposed 3D extension of the NAS-RIF deconvolution
technique. In Section 3, we detail the 3D unsupervised
Markovian segmentation algorithm allowing to find the sup-
port of the object to be restored. Deconvolution results on
phantoms and real SPECT volumes are given in Section 4.



2 3D Deconvolution Method

In our application, the degradation of a SPECT volume can
be represented as the result of a convolution of the true vol-
ume with a 3D blurring function (the PSF), plus an additive
term to model the noise from the physical system. If the
imaging system is assumed to be linear and shift invariant,
this degradation process can then be expressed by the fol-
lowing linear model,

9(z,y,2) = f(z,y,2) * h(z,y,2) + n(,y, 2),

where g(z,y,z) is the degraded or blurred 3D image,
f(z,y, 2) is the undistorted true 3D image, h(x, y, z) is the
PSF of the imaging system and n(z,y,z) is the corrupt-
ing noise (assumed additive in our model). In this notation,
the coordinates (z,y) represent the discrete pixel spatial lo-
cations, z the slice location and * designates the 3D dis-
crete linear convolution operator. The 3D blind deconvo-
lution problem consists then in determining f(z,y,z) and
h(z,vy, z) given the blurred observation g(z, y, z).

When the object to be recovered is imaged against a u-
niform or a noisy background, a commonly used method
for solving a 2D blind deconvolution problem consists in
minimizing an error metric that optimizes the form of the
restored image and the PSF (or its inverse) to fit the various
constraints, a priori known, on the form of the solution; typ-
ically positivity and known support of the object. The steep-
est descent or conjugate gradient method are then generally
used to achieve optimization [5, 6]. In our application, the
true undistorted rCBF map of a human brain consists of a
finite support imaged against a noisy background due to the
Poisson noise phenomenon. Assuming that this support is a
priori known or previously estimated, we can use a 3D ex-
tension of such deconvolution technique for improving both
spatial and inter-slice resolution of SPECT volumes.

In this context, the recent Non-negativity and Support
constraints Recursive Inverse Filtering (NAS-RIF) algorith-
m [5] can efficiently be extended. We can derive a 3D exten-
sion of this technique by simply considering a 3D variable
FIR filter u(z,y, z) of dimension N; x N, x IV, with the
blurred SPECT volume pixels g(z,y, z) as input (cf. Fig.
1). The output of this filter gives an estimate of each cross-
sectional 2D true image f(z,y,z = k) (with k € [1, K]
and K is the number of transversal slices in the volume).
Each resulting estimation is passed through a nonlinear filter
which uses a non-expansive mapping to project the estimat-
ed 2D image into the space representing the known char-
acteristics of the true image. The difference between this
projected image fi.(z,y,z = k) and f(z,y,z=k) is used
as the error signal to update the variable filter u(x,y, 2).
Fig. 1 gives an overview of the proposed 3D-extended NAS-
RIF deconvolution algorithm. Each cross-sectional 2D im-
age is assumed to be non-negative with known support. The
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cost function used in the deconvolution procedure of the k"
transversal 2D image is defined as,

Je = Z fQ(.'E,?,ZZk)(

1= Sgn(f(x,y,z = k))

2
(z,y) €Dk
: > 2
+ Y (en-L)+1(Y wwy-1),
(z,9) €Dk V(z,y,z)

where f(:lf, Y, Z) = g(w, Y, Z) * U(IE, Y, Z), and Sgll(f) =-1
if f <0 and sgn(f) =1if f >0. Dy and Dy is the set
of all pixels of g(x,y, 2z = k) inside and outside the region
of support respectively. The variable + in the third term is
nonzero only when L; is zero, i.e., the background color
is black. The third term is used to constrain the parameter
away from the trivial all-zero global minimum for this situa-
tion. The authors have shown in [5] that the above equation
is convex in the 2D case with respect to w. This property
remains true in the 3D case so that convergence of the algo-
rithm to the global minimum is ensured using the conjugate
gradient minimization routine [5]. Let us note that a fully
3D deconvolution scheme would consist in minimizing di-
rectly the cost function J = Zf::1 Ji. Nevertheless, J;
and J being convex and the global minimum being ensured
in both cases by the conjugate gradient optimization routine,
the estimated solutions are thus identical.
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Figure 1: 3D extension of the NAS-RIF algorithm.

3 Support determination method

In the 2D case, the support can be roughly approximated
by the smallest rectangle containing the entire object [5].
In order to automatically determine this rectangular frame,
some of the proposed methods are based on hold-out meth-
ods [5], or inspired by the constraint assessment algorithm
proposed in [7]. These methods are reliable for assessing
the optimal 2D rectangular support but cannot be easily ex-
tended in order to define a more accurate segmentation. An
alternative approach consists in exploiting the result of a 3D
unsupervised Markovian segmentation using a two step pro-
cess: first, a parameter estimation step in which we have to




estimate the MRF model parameter. Then, a second step de-
voted to the segmentation itself based on the values of the
estimated parameters.

To this end, we consider a couple of random fields
Z = (X,G), where G = {G,,s € S} represents the field
of observations located on the 3D lattice S consisting of K
lattices S, of NV sites s (associated to the N pixels of each
transversal slice of the volume), and X = {X,,s € S} the
label field (related to the K x N class labels X, of a seg-
mented volume). Each aforementioned label is associated
to a specific brain anatomical tissue or region of the SPECT
volume; the “CSF” area designates the region that is nor-
mally due to the lack of radiations. In this MRF model pa-
rameter estimation and segmentation problems, this region
designates the brain region filled with Cerebrospinal Fluid
(without blood flow and thus without radiation) and also
the area outside the brain region. The “white matter” and
“grey matter” (brightest region) are associated to a low and
a higher level of blood flow respectively [8]. Each G, takes
its value in {0, ...,255} (256 grey levels), and each X in
{e1="CSF”, e, =“white matter”, e; = “grey matter”}.

The distribution of (X, G) is defined, firstly, by prior dis-
tribution Px (x), supposed to be Markovian and secondly,
by the conditional likelihoods P, /x, (9s/z5) whose shape
and parameter vector @, ) depends on the concerned class
label z,. In order to take into account the Poisson noise
phenomenon inherent to the SPECT imaging process in the
“CSF” area, we model Py, /x, (95 /€1), by a exponential law
[3] with parameter a, namely; (1/a) exp[—(gs/a)]. To de-
scribe the brightness within the “white matter” and the “grey
matter” regions, we model the conditional density function
for these two regions by two different Gaussian laws [3].
The observable G is called the “incomplete data” whereas
Z constitutes the “complete data”.

Estimation Step

In order to determine @ = (D(c,), D(e,), B(e,)), We use the
Iterative Conditional Estimation (ICE) algorithm. This esti-
mation procedure [9] relies on an estimator ®(X, G) of the
“complete data”. This iterative method starts from an initial
parameter vector @9 and generates a sequence of param-
eter vectors leading to the optimal parameters, in the least
squares sense, with the following iterative scheme,

o :
B = (a0, 0) -+ e, 9]

where x(;y,4 = 1, . . ., n are realizations of X drawn accord-
ing to the posterior distribution Px /g (z/g, ®!7)). In order
to decrease the computational load, we can take n =1 with-
out altering the quality of the estimation [9]. Finally, we
can use the Gibbs sampler algorithm [10] to simulate real-
izations of X according to the posterior distribution. For the
local a priori model of the Gibbs sampler, we adopt a 3D
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isotropic Potts model with a first order neighborhood [11].
In this model, there are three parameters denoted 3, B2, (3,
called “the clique parameters” [11], and associated to the
horizontal, vertical, and transverse binary cliques respec-
tively 3. Given this a priori model, the prior distribution
Px () can be written as,

Px(z) = exp (— Z Bse (1 — 5($s,$t))),

<s,l>

where summation is taken over all pairs of spatial and inter-
level neighboring sites and 4 is the Kronecker delta func-
tion. In order to favor homogeneous regions with no priv-
ileged orientation in the Gibbs sampler simulation process,
we choose 85y = B; = B2 = B3 = 1. Finally, ®[P*+1l jg
computed from &7l in the following way,

e Stochastic Step: using the Gibbs sampler, one realiza-
tion z is simulated according to the posterior distribu-
tion Px g (z/g), with parameter vector ®[7].

Estimation Step: the parameter vector ®7+1] is esti-
mated with the Maximum Likelihood (ML) estimator
of the “complete data” corresponding to each class:

oIf Ny= #{s€S : z;=e,} is the number of pixels of
the “CSF” area, the ML estimator é(e]) of a is given
by [12]: OA‘(*’L’:Q) = (I/Nl) Eses:zszm gs-

olf No= #{s€S:2,=ex}and N3=#{s€ S :
s = e3} pixels are located in the “white matter” and
“grey matter” regions respectively, the corresponding
ML estimator of each class is given by the empirical
mean and the empirical variance. For instance, for the
“white matter” class, we have for ‘i’(ez),

1
ﬂ(.’l), g) =~ Z 9s,
N2 SES:z,—es
: 1 S
o (w o= (N—Q——l) Z (95 — i)*.

SES:z;=e2

Repeat until convergence is achieved; i.e., if $lp+1] %
[Pl we return to Stochastic Step.

Fig. 2 and Table 1 represent the estimated distribution
mixture and corresponding estimates of the SPECT volume
shown in Fig. 3.

Segmentation Step

Based on these estimates, we can compute a 3D Marko-
vian segmentation of SPECT volumes. In this framework,
the Markovian segmentation can be viewed as a statisti-
cal labeling problem according to a global Bayesian for-
mulation in which the posterior distribution P/ (z/g) x

3Cliques are subsets of site(s) which are mutual neighbors [11].
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Figure 2: Image histogram of the picture reported in Fig. 3
(solid curve) and estimated probability density mixture ob-
tained with the ICE procedure (dotted and dashed curves).

ICE Procedure

(F(i“e“]l) 0-52(7r) ll(a)
(I)’('"e“z) 0.26(@ 100(”) 648(02)
‘I)‘("’Cf";) 0.22(7r) 172(,‘) 383(02)

Table 1: Estimated parameters for the SPECT volume re-
ported in Fig. 3. = stands for the proportion of the three
classes within the volume. « are the exponential law param-
eter. u and o2 are the Gaussian law parameters.

exp —U (z, g) has to be maximized [11]. The corresponding
posterior energy is,

U(:c,g) = Z —In PG,/X,(gs/xs)

— by
Us(2.9)
+ Y B (1-8(s ),
S o
Ua(e)

where U, expresses the adequacy between observations and
labels, and U, represents the energy of the a priori mod-
el. We use the deterministic Iterated Conditional Modes
(ICM) algorithm [11] to minimize this energy function. Fig.
3 displays examples of unsupervised three-class segmenta-
tion. In this segmentation, the “CSF”, the “white matter”
and the “grey matter” are represented by a dark, a grey, and
a white region respectively. The support D is then deter-
mined simply by the set of pixels belonging to the white and
grey matter classes.

4 Experimental results

The effectiveness of this 3D blind deconvolution method
was tested on several SPECT volumes composed of 64
transversal slices of 64 x 64 pixels with 256 grey levels.
Those presented herein are only a few examples. The ini-
tial inverse FIR filter required by the NAS-RIF algorithm is
the Kronecker delta function [5] and the size of this inverse
filter is 3 x 3 x 3 pixels. Besides, we have used vy = 0 be-
cause the background of SPECT images is not completely
black. The computational cost on a standard SunSparc 2 is
about 20 seconds for the support determination of the whole
volume and 30 seconds for the blind deconvolution of each
cross-sectional image.

Fig. 4 presents an example of SPECT volume blind de-
convolution. The algorithm converges to a very good esti-
mate of the solution without a priori information on the PSF
and allows to noticeably improve the resolution of the orig-
inal SPECT volume. Fig. 5 shows the resolution improve-
ment obtained by the 3D-extended version of the NAS-RIF
algorithm over its 2D version for a given cross-sectional im-
age. Fig. 6 shows an example of sagittal and coronal sec-
tions of the original and deconvolved brain SPECT volume
whose cross-sectional slices have been presented in Fig. 4.
The improvement of the inter-slice resolution is also clearly
visible.

The effectiveness of this deconvolution technique is also
tested on a real SPECT phantom (i.c., a physical plexiglas
head phantom filled with radioactive material and measured
by a SPECT system) for which the ground truth of this seg-
mented phantom is exactly known and thus for which the
performance of our proposed method can then be objective-
ly judged. Fig. 7 presents examples of blind deconvolutions
on this SPECT phantom. We can notice that this SPECT
volume is less noisy and less blurred than the real SPECT
volume previously processed (due to several factors such as
a different dose of radioactive isotopes contained in each u-
niform region of this SPECT phantom, a longer acquisition
time, the stillness of this simulated brain during the SPEC-
T process, etc.). In order to fully assess the success of this
restoration procedure, we use the specific evaluation criteria
proposed in [4], based on the estimation of the two following
measures:

(i) Firstly, the average contrast of the image, defined by
C = (1 — ma/ms3), where m, and m;3 are the mean of
the pixel value in the “white matter” and “grey matter” area
respectively.

(ii) Secondly, the image mottle M = p Ma + p3 Ms. M,
and M3 designate the ratio of the standard deviation of pixel
values to the mean in the “white matter” and “grey matter”
area respectively. p and p3 designate the proportion of pixel
belonging to each class.

This last parameter allows to measure the amplification
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of the noise and/or measure the presence of undesirable ar-
tifacts that can be created by the deconvolution procedure
in a uniform region of the real SPECT phantom. A reliable
SPECT image restoration technique will then allow to en-
hance the contrast of the image with little increase in mottle,
i.e., without amplifying too much the noise and/or without
creating false artificial features (technically, an increase by
a factor of 1.1—1.2 of the original mottle of the image re-
mains acceptable if the contrast enhancement is significantly
increased [4]). Due to the difference of thickness between
the cross-sectional slices of the real and segmented phan-
tom, these abovementioned measures are estimated on the
whole 3D phantom after this one has been registered [13]
on the ground truth of the segmented phantom volume. Our
proposed restoration technique allows a contrast enhance-
ment from 9% to 21% between the original and deconvolved
SPECT phantom along with an acceptable amplification of
the mottle by a factor of 1.18 (from 17% to 20%). This rep-
resents a significant improvement in image quality with a
very small penalty and attest the validity of this restoration
method.

Finally, we have also tested our 3D deconvolution tech-
nique on a cross-sectional slice of a synthetic SPECT vol-
ume. In order to simulate at best the typical characteristics
of real brain SPECT images, we have re-created three ho-
mogeneous regions and added the corresponding noise for
each ones, according to the grey level distribution already
estimated on a real brain SPECT volume (cf. Fig. 2 and
Table 1). We have also added a 3D Gaussian blur in order
to simulate the 3D scattering of the emitted photons. Fig. 8
shows the obtained deconvolution result. The resolution im-
provement is visible and the proposed procedure allow effi-
ciently to recover high frequencies of the undistorted (non-
convolved) image.

Figure 3: Example of an unsupervised 3D Markovian seg-
mentation of a brain SPECT volume using the ICM algorith-
m and based on the parameters estimated by the ICE proce-
dure. Top: real brain SPECT volume (two central transver-
sal slices). Bottom: three-class Markovian segmentations.

5 Conclusion

In this paper we have shown that a 3D extension of the NAS-
RIF deconvolution procedure noticeably improves the res-
olution of 3D SPECT images and can be a great help to
facilitate their interpretation by the nuclear physician. We
have also shown that this 3D blind deconvolution technique
gives superior performance than its 2D version and can ef-
ficiently exploit the result of a 3D unsupervised Markovian
segmentation in order to find the exact support of the object
to be restored. Finally, this 3D blind deconvolution tech-
nique combined with this unsupervised segmentation leads
to a restoration procedure that is completely data driven and
really compatible with an automatic processing of massive
amounts of 3D SPECT data.

Figure 4: Examples of human brain SPECT volume de-
convolution given by the 3D-extended version of the NAS-
RIF algorithm combined with the Markovian segmentation-
based support finding algorithm. Top: three consecutive real
cross-sectional SPECT slices. Bottom: deconvolution re-
sults.

(@ (b) (©

Figure 5: Examples of human brain SPECT cross-sectional
image deconvolutions. (a) Original SPECT cross-sectional
human brain image. (b) Deconvolution result given by the
3D-extended version of the NAS-RIF algorithm (inverse fil-
ter size is 3x3 x3). (¢) Deconvolution result given by its 2D
version (inverse filter size is 5x5). Both deconvolution meth-
ods require the same computational load and are combined
with the proposed Markovian segmentation-based support-
finding algorithm.
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() (b)
Figure 6: Example of sagittal (a) and coronal (b) sections of
the original (top) and deconvolved (bottom) brain SPECT
volume whose cross-sectional slices have been presented in
Fig. 4.

Figure 7: Examples of deconvolution obtained by our 3D
blind deconvolution technique on two cross-sectional slices
of a SPECT phantom. Top: real cross-sectional SPECT
phantom slices. Bottom: deconvolution results.

(@)

(b)
Figire 8: Example of deconvolution result on a cross-
sectional slice of a synthetic SPECT volume. (a) Ground
truth of the segmented synthetic slice. (b) Synthetic SPECT
slice. (¢) Deconvolution result.

©
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