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Abstract: We present two analytic reconstruction algorithms applicable in emission tomog-
raphy with variable attenuation. One of this algorithms is based on the recently discovered
explicit inversion formula for the attenuated Radon transform with non-uniform attenua-
tion; it is intended for applications in single-photon emission computed tomography. The
second of the methods we present is applicable for approximate inversion of the generalized
Radon transform with more general weights for which inversion formulae are not known;
inversion of such transforms are required, for instance, in the emission tomography of gases.
The latter algorithm is based on an approximate (up to a smoothing term) inversion of
the underlying integral operator; in spite of its approximate nature it yields quite accurate
reconstructions and exhibits very low sensitivity to noise in data. In fact, when applied to
data containing significant level of noise the latter algorithm yields better reconstructions
than the first of our mehods (based on theoretically exact inversion formula). We support
conclusions of the paper by a number of convincing numerical results.
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Introduction

Several types of tomography lead to a problem of image reconstruction from attenuated projections.
One of the most important applications of this type is single-photon emission computed tomography
(SPECT); another instance of such technique is optical (infra-red) tomography of hot gases or
plasma. In both cases the measured intensity of radiation is described by weighted line integrals
of the emission coefficient (activity distribution); the latter function is the quantity one seek to
recover. The above-mentioned direction- and position- dependent integration weights arise due to
the attenuation of radiation on its way from the source to the detector. Due to the presence of
these weights in the resulting integral transformation (usually referred to as the attenuated Radon
transform) the well known algorithms of classical X-ray tomography can no longer be used for the
image reconstruction; specialized reconstruction techniques have to be utilized instead.

Most of known inversion algorithms for the attenuated Radon transform can be viewed as
iterative procedures of various kinds. Iterative methods are flexible and frequently allow one to
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treat more realistic mathematical models of the problem. The drawback of iterative techniques
is relatively long reconstruction times; besides, rate (and, in general, existence) of convergence of
such iterations depends significantly on the parameters of the problem. Analytic (non-iterative)
approaches, on the other hand, are based on evaluation of explicit (exact or approximate) inversion
formulae. Such methods are significantly faster and can perform extremely well in certain cases (as
does, for instance, the filtered backprojection algorithm (FBP) in the case of X-ray tomography).
However, the underlying inversion formulae are difficult (sometimes impossible) to derive for the
realistic mathematical models of measurements.

In this paper we present two new analytic reconstruction algorithms for emission tomography.
The first of these methods is based on the recently discovered explicit inversion formula [7] for the
attenuated Radon transform and it is applicable for SPECT reconstruction. The second algorithm
we introduce can be used for approximate inversion of a more general weighted Radon transforms;
it amounts to evaluation of an approximate (up to a smoothing term) solution to the underlying
integral equation. Although the underlying formula does not represent an exact solution, the latter
approach yields surprisingly accurate approximations. Moreover, this technique exhibits very low
sensitivity to noise present in the data which makes the algorithm suitable for practical applications
associated with noisy data — including, importantly, SPECT. We demonstrate performance of the
two proposed algorithms in a variety of numerical reconstructions of images from both exact and
noisy data; our presentation is concluded with the results obtained by processing data of real
SPECT measurements.

1 Mathematical models

SPECT is based on measurements of gamma-rays radiated by a radionuclide injected into a patient
[1]; the sought after quantity is the spatially varying activity of the radionuclide in the patient’s
body. The geometry of measurements is shown in Figure 1; the measured data P(p,¢) (referred
to as the projections) can, roughly, be modeled by weighted line integrals of the activity f(x)
along the lines parametrized by a pair of parameters (p, ¢) (such a model neglects effects of photon
scattering and detector imperfections):

P(rg) = Rufp.9)= [ fulxu(o)d (x-w'() - p) dx, o

o) = (cosp,sing),

where weight w(x,w(¢)) accounts for the attenuation of radiation on its way from the source point
x in the direction w(p) = (sinp, — cos ) toward the detector. In other words, projections P(p, )
are related to activity f(x) by the integral transform R, f(p, ) defined by (1); we will refer to
this generalization of the Radon transform as to the weighted Radon transform with the weight
w(x,w(p)). In the case of SPECT this weight can be expressed in terms of the natural exponent
of an integral of the attenuation coefficient u(x) along the radiation path:

wlx () =exp (- [ ulx+sutolas ). 2)

Transformation (1) with the exponential weight defined by the particular expression (2) is referred
to as the attenuated Radon transform; reconstructing activity distribution from projections P(p, )
is equivalent to inverting this transform. We assume throughout the paper that attenuation u(x)
(and, therefore weight w(x,w(p))) is known.(in practice, u(x) can, for example, be reconstructed
from transmission measurements using methods of conventional X-ray tomography). In many
important applications of various kinds of emission tomography, in particular in SPECT of the
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Figure 1: Geometry of measurements

human thorax, attenuation coefficient u(x) varies significantly across the integration region; these
variations cannot be neglected and have to be accounted for by a reconstruction algorithm.

Similarly to SPECT, infra-red tomography of gases and plasma also relies on measurements
that can be modeled by the weighted line integrals (see, for instance [2],[3],[4]). The value of
interest in this case is the emission coefficient which we also denote by f(x). Due to a different
nature of radiation and detectors, however, a value measured along a line represents an integral of
the radiation intensity over certain range of frequencies; across this range values of both emission
and attenuation coefficient oscillate wildly. In this case an approximate equation of the form (1)
still can be derived (see, for instance [6] and references therein), but the expression (2) is no longer
valid and has to be replaced by the following more general expression:

wx,w(p) = W ( | bt st ds') , 3)

where W () is a certain decreasing positive function. We will refer to the transformation (1) with
the weight given by expression (3) as the attenuated Radon transform with a non-exponential
weight.

In all cases of emission tomography we mentioned the reconstruction of activity (emission)
distribution from projections is equivalent to the inversion of the weighted Radon transform with
the corresponding weight. In the following section we discuss the particular case of the attenuated
Radon transform with exponential weight (2). The case of more general weights is investigated in
Section 3.

2 Attenuated Radon transform with exponential weight

Due to the practical importance of SPECT the case of the exponential weight (2) enjoyed most
of attention of researchers. The first analytic methods for the attenuation correction in the case
of a constant attenuation coefficient u(x) =po were proposed by Bellini et al [11] and Tretiak and
Metz [12]; both algorithms assumed that the attenuation coefficient was constant inside a patient’s
body and that the cross-section of the body was convex. Later on, a series of more advanced
analytic reconstruction techniques for the constant attenuation case have been introduced ([13],
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[14], [15], [16], [17],[18]); certain extensions to the underlying assumptions of constant attenuation
and convex body were treated in [18] and [19]. With few exceptions (such as crude approximating
techniques of [20],[23] and [24] ) there were practically no analytic approaches available for the
important case of (significantly) varying attenuation coefficient until recently. The breakthrough
in the inversion of the attenuated Radon transform with the exponential weight was made in
[9], [7] were exact inversion formulae were derived. (see also [10]). In particular, a relatively
straightforward discretization of the Novikov’s inversion formula [7] results in an algorithm ([8],
[10]) capable of non-iterative image reconstruction even within the regions with strongly non-
uniform attenuation distributions, similar to the one found within a human thorax. Thus, in
Sections 2.1 and 2.2 we provide a brief discussion of the Novikov explicit inversion formula [7] and
a short description of the inversion algorithm [8], respectively. In Section 2.3 we introduce certain
extensions to the above-mentioned basic reconstruction algorithm intended to improve the noise
propagation properties of the method.

2.1 Novikov explicit inversion formula

In order to simplify presentation we introduce a rotated coordinate system (s, p) with axes parallel
to vectors 8(¢) and 6+ (y) (see Figure 1) so that

§ = zcosy+ysingp,
p = —xsing+ ycose.

In the new coordinates the integrations defined by equations (1, 2) can be written in a particularly
simple form:

P(p.¢) = / exp (~D2u(5,p)) £2(s,p)ds, (4)
R
Douysp) = [ msls'ip)as, 6)

*

where f3(s,p) = f(x(s,p,9)), u5(s,p) = p(x(s,p,9)), and D u%(s,p) = Dyop(X(s,p, ).
The (classical) Radon transform Ru(p, ¢) of a function v(x) is defined by the following equation

Rolpp) = [ " o(x(s',p,0))ds'.

—o0
Comparing this expression to (5) one observes that the values of Ru(p,¢) coincide with limiting
values of the divergent beam transform D, :

Ru(p,¢) = Dyp, (=00, p).

Using the above notation, the Novikov inversion technique is given by the following set of
formulae:
27

100 = o [ Mol 60),x-6* (), (©
0
Molsp) = 5 exp(Dni(s,p)m )] ™)
mo(p) = e 4@ [nS () H (RS (p)et~ P P(p,9)) ,

+ @ H (B 0)e* P P(p,¢) )] (8)
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with
Bw) = cos(HALp), h(p) = sin(HA, (7)),
A,) = SRu.).

In the above formulae H denotes the Hilbert transform, defined for a given function ¢ (u) as follows:
i) =P [ 6(0)/(r(u —0))b. ©

2.2 Basic reconstruction algorithm

According to equations (6)-(9) one can reconstruct radionuclide distribution f(x) from the projec-
tions P(p, ) by:

*

1. Evaluating the divergent beam transform D7

5 (s,p) and the Radon transform Ru(p, ¢);
2. Evaluating the Hilbert transform of A,(p);

3. Computing functions m(p) (see equation (8));

4. Differentiating the product exp(D}uy,(s,p))my(p) in p, (see (7));

5. Backprojecting the result of the differentiation M, (s,p) (see equation 6).

Our basic reconstruction algorithm (see [8] for details) follows the structure of the inversion
formula; we use finite differences to compute derivatives in step 4, and trapezoidal rules together
with bilinear interpolations to evaluate integrals in steps 1 and 5. (see also [10]). The Hilbert
transforms in steps 2 and 3 are approximated by a discrete convolution with a regularized and
discretized version of the exact kernel 1/(7p); this discrete kernel is represented by the following
sequence of values K;:

17. 1 j+1 .

K; = - Jln(l—j—2)+ln,_ y J=2,.,1np
2

Kl = —IHQ,K():O,K_]'Z—Kj,jZ—’l’Lp,...]..
™

2.3 Improving stability of the algorithm

The basic version of our algorithm presented above allows for accurate non-iterative image recon-
struction in the case of strongly nonuniform attenuation distributions, similar to the attenuation
within a human thorax. However, as our numerical tests show (see Section 2.4), the algorithm is
quite sensitive to noise contained in the data. In particular, level of noise in the image obtained
from this method are significantly higher than that in the image reconstructed using the FBP from
non-attenuated projections (containing the same level of noise).

In this section we propose a numerical technique allowing one to improve the noise propagation
properties of the reconstruction. In order to achieve this goal we first (using the basic version of the
algorithm) reduce the reconstruction problem to the inversion of a classical (non-attenuated) Radon
transform. The latter inversion problem is significantly less ill-posed and can be solved numerically
using, for example, the FBP algorithm, which yields significantly less noisy reconstruction.

In order to obtain the desired reduction to classical Radon transform we apply the multiplicative
correction method described below. (This method is closely related to the technique used in [21]
as a part of an iterative reconstruction algorithm).
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Figure 2: Model distributions (a) activity phantom (b) attenuation phantom from [22] (¢) smooth
attenuation fantom.

For activity distribution f(x) the unattenuated projections Rf(p, ) are defined by the formula
(1) with w(-) = 1. Let us introduce a correction coefficient k(p, ¢) defined by the following equation

k(p,p) = (Rf(p, ) +¢)/ (Ruf(p, ) +¢), (10)

¢ > 0, so that R(p,¢) = k(p,¢) [Ruwf(p,¢) +c] — ¢. Obviously, since f(x) is nonnegative, the
following inequality holds

1 < k(p,p) < exp(Ru(p,p))- (11)

Values of k(p, ) are unknown, of course; however, given a good approximation to f(x) one can
easily compute an approximation to k(p, ). Thus, our strategy when dealing with noisy data is
described as follows:

(A) Compute an approximate version f%P"(x) of the image using the basic version of the present
algorithm; enforce the condition foP"(x) > 0;

(B) Compute RfP"(p, ) and Ry, f°PP"(p, ) from equation (1);
(C) Compute k*PP"(p, ) from equation (10) enforcing conditions (11);
(D) Find approximate values of unattenuated projections Rf(p) by multiplying P(p, ¢) by k*?P"(p, ¢);

(E) Reconstruct the new image from unattenuated projections using the classical FBP algorithm.

As integral quantities, computed projections RfPP"(p, ) and R, f*PP"(p, ) are much less af-
fected by noise in the data than the point values of f2PP"(x), which leads to an accurate reconstruc-
tion of the correction factor k*P" (p, ). Therefore, the noise levels in the product P(p, p)k*PP" (p, )
and in the projections P(p, ¢) are of the same level. On the other hand, the FBP algorithm utilized
for the image reconstruction from unattenuated projections P(p, )k®PP" (p, ) is much less sensi-
tive to noise in the data; thus, it yields image of much better quality than the initial approximation

Forrr (x).
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(c) (d)

Figure 3: Images reconstructed using Novikov’s formula in the case of discontinious attenuation
(a) from exact data (b) from noisy data (c) from noisy data, low-pass filter applied (d) from noisy
data, utilizing multiplicative correction technique of Section 2.3

2. Numerical examples

In order to test the algorithm the following model distributions will be utilized. The activity
phantom (Figure 2(a)) consists of a set of test objects. Some of these objects are defined by
characteristic functions of circles, while the others are given by bell-shaped *° functions

9 _1
U(X,X, ):exp %1) ) = X—X / J

for x —x < . This phantom which contains both smooth and discontinuous functions with
various size of support will enable us to probe the ability of the algorithm to reproduce both
smaller details (fast varying discontinuous distributions) and larger details (areas of slowly or
constant activity).

To simulate a realistic strongly non-uniform attenuation coefficient we utilize the phantom
used in [22]. This model imitates the attenuation distribution across a section of a human thorax;
it consists of an ellipsoidal body with axes of length 22.5 cm and 30 cm. The smaller ellipsoidal
regions (see Figure 2(b)) simulate lungs, while the circular regions correspond to bones; attenuation
is equal to 0.01 cm ™! within lungs and to 0.17 cm ! within bones . Attenuation within the
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rest of the large ellipse is equal to 0.15 cm™!.

In order to check performance of our methods in the case of a smoothly varying attenuation
coefficient we will use a function shown in Figure 2(c); this phantom represented by a  °° infinity
function resembles the discontinuous phantom shown in Figure 2(b) and has similar values of
attenuation in the flat regions of the image.

uantum noise in the projection data in our experiments was simulated in the following way
(i) the projections were scaled (multiplied by a constant factor) so that the maximum measured
value in the data set was equal to 20 (ii) each point value in the data set was then replaced by a
random realization of a Poisson variate with a mean equal to that value.

A variety of numerical tests we performed demonstrated that the basic version of our algorithm
(see Section 2.2) yields accurate non-iterative image reconstruction from exact projections in the
case of realistic strongly nonuniform attenuation distribution. An example of such reconstruction
is presented in Figure 3(a); it was obtained from the set of 400 projections (129 samples each)
generated from model distributions shown in Figure 2(a), 2(b). The quality of the reconstruction
is very high; there is no trace in the image of the underlying discontinuous attenuation. (More
numerical examples of this kind can be found in [8], [10].)

Figure 3(b) presents results obtained using the basic version of our algorithm from the same
data as the ones used in the previous test; the only difference was that now Poisson noise was added
to the projections (the relative 2 intensity of the noise produced as described above was equal
to 33.6 ). One can see that in this case the reconstructed image contains significant amount of
noise; the image is much noisier, for instance, than the images presented in Figures 3(d), 4(c). The
reconstructions obtained using the FBP from non-attenuated projections containing a comparable
level of noise (not presented here) are also considerably less noisier.

One of the conventional ways of reducing noise sensitivity of an algorithm is a low-pass filtration
of the data. In our case such filtration does not produce satisfactory results, see Figure 3(c). The
latter image was obtained by applying to projections a low-frequency filter (-) defined by its
Fourier transform ( ) as follows:

()= (1 +cos(m / ) < (12)

0 , > ’
where is the cut-off frequency, < ; the cut-off frequency was equal
to a half of the Nyquist frequency in the example we present. As one observes, the

low-frequency filtration leads to a certain loss of a finer detail in the image but does not reduce
sufficiently the noise level. In contrast, the multiplicative correction technique of Section 2.3 does
considerably reduce noise in the image without loss of detail, see Figure 3(d). Similar effects result
from application of the techniques we discuss to the data of real measurements, see Section 4.

eneral weights in erse amplitude algorithm

Much less is known about the Radon transform with general weights than about the attenuated
Radon transform (with exponential weights of the form 2). The invertibility of the former transform
was proven for the case of rotation invariant weights [29] and for the case of positive real analytic
weights [27]. A local invertibility of this transform was also established [26]. On the other hand,
it was shown in [28] that positive > weight does not guarantee the invertibility of the transform.
Naturally, one can prove invertibility of the weighted transform if the weights are in some sense
closed to one (see [32] for the details). Numerical issues associated with the inversion of the weighted
Radon transform are studied even less. Although most of iterative algorithms (not considered here)
can be generalized for the inversion of the latter transform, no exact inversion formulae is known
in this case.
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In this section we introduce an algorithm applicable for approximate inversion of the weighted
Radon transform. There is a two-fold practical goal of the development of this technique. First,
this method can be used in applications that leads to non-exponential weights, such as infra-red
tomography of gases, flames and plasma. On the other hand, this technique can also be used
for SPECT reconstruction. In spite of its approximate nature the method yields quite accurate
reconstructions and exhibits very low sensitivity to noise in data. In fact, as shown by numerical
experiments presented in this paper, when applied to data containing significant level of noise the
algorithm we introduce yields better reconstructions than the methods based on theoretically exact
inversion formula (described in Section 2).

Let us consider the classical FBP algorithm that maps projections P(p, ) into image (x)
according to the following two formulae:

27
y) = % / m(y-w™ (), )de, (13)
0
mp.o) = [ @7 P(Lo)d (14)
R

where P( , ) is the 1-D Fourier transform of projections:

P( p) = / e P(p, g)dp. (15)
R

We will denote the corresponding operator by R ' so that

(¥) =R Pp,o))E)

Operator R™! is a left inverse operator to the classical Radon transform; in other words if
attenuation is absent, i.e.w(-) = 1, then (R™' P(p,¢))(y) = R™' Rf = f. One can try to
also use the FBP algorithm to obtain an approximate reconstruction in the case when attenuation
is present. Naturally, the result (y) = R™' R, f. will not be quantitatively accurate. It is
known, however, that the singularities present in the original image f will be preserved in the
approximation . The explanation of this phenomenon is also well known. Indeed, it is readily
verifiable (see Appendix) that

) = (R Ruf)(y) (16)
= //ez’r( -) f(x)W(x,:)d dx
R2 R2
where
(,9) = w'(p) =( cosp, siny),
1

W (x,w) = 2 [w(x,w) + w (x, —w)] .

In the case of *° infinity weight w(-) representation (16) allows us to identify. R~ R,, as a pseudo-
differential operator ( DO) of order 0 with an amplitude W (x, / ) (see, for instance [30] for
introduction into theory of DQ’s). Such operators are known to preserve singularities of a func-
tion. Another useful fact from the theory of DO is that such operators (of order 0) are continuous
from 2into 2.



276 Leonid A Kunyansky

From the practical point of view the advantage of computing R~'R,, f is that due to low noise
sensitivity of the FBP the image (y) = R ! R, is less noisy than, for example, reconstructions
obtained using existing exact inversion formula. One faces then a problem of reconstructing f from

; if such reconstruction is possible (which is not necessarily true for general ° weights since, as
shown in [28] the weighted Radon transform is not always invertible), it represents a well posed
problem (unlike the ill-posed original reconstruction problem).

Our method of computing an approximation to f from is related to the idea of a parametrix
of an operator, one of the basic tools developed in the theory of DO. In detail, although it is not
known how to obtain an explicit inverse for an arbitrary DO, one can construct an approximate
inverse in the form of series of DO of decreasing orders which is called a parametrix (see [30]). The
composition of a parametrix with the original operator is the identity operator plus an infinitely
smoothing operator which maps distributions into °° functions. In other words, the parametrix
acts as an approximate inverse of a given operator; it reconstructs original image modulo some
function. Obviously, a parametrix of an operator is not uniquely defined. Moreover, general theory
does not guarantee that the smooth residual of the parametrix will be small in any reasonable norm.
However, as our numerical experiments show the particular approximate inversion we propose
indeed results in surprisingly accurate reconstructions.

According to standard theory of DO a parametrix  of a pseudo-differential operator A in
the form

Ay = [ [0 e (x, ) ax,
R? R2
can be defined as a series of operators ; of increasing smoothness

= i (17)

where the operators ; can be written in the following form

)= [ [ b 6x )d ax
R2 R2
with certain functions (amplitudes) ;(x, ). In particular, the first amplitude ¢(x, ) is equal
simply to the inverse amplitude of the operator A:

0(X7 ):1/ (Xa )

Obviously, in practical computations series (17) has to be truncated. In our algorithm we compute
only the first term of a parametrix instead of the whole series. (As our numerical experiments
presented in Sections 3.3 and 4.show, such a crude approximation turns out to be very accurate in
the case of typical SPECT measurements. On the other hand, taking into account more terms of
the parametrix did not result in essential improvements in the numerical tests). Thus, since the
amplitude of the operator R~! R, is equal to W (x, L/ ), the first term o of the parametrix
of this operator will have the amplitude o(x, ) =1/W (x, +/ ), in other words

oh(y) = //ezw( =) I/V(X,;L/)h(x)d dx. (18)

R2 R2

Comparing this equation with (16) one can easily see that operator ¢ can be represented as a
composition R~* R; , where operator R;  is defined by equation (1) with weight w (x,w)
replaced by 1/W (x,w).
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According to the above discussion function h(x) = R™' R, is related to f(x) as:

h(x)=( + )f(x), (19)

where is the identity operator, and is a compact operator mapping functions from a Sobolev
space H to H ! and defined by the expression

= —R'YR R' R

Generally, one can try to solve Fredholm integral equation (19) with respect to f(x) using some
iterative solver. Our numerical experiments show, however, that function h(x) is by itself a quite
accurate approximation to the solution f(x). Thus, our reconstruction technique involves process-
ing projections P(p,y) with the FBP algorithm (13)-(15) (which yields a distorted image (x)),
followed by computation of an approximate solution f®?" (x) to the equation (16) given by the
result of application of R R; to (x):

for =R R . (20)

We will refer to this method as the inverse amplitude algorithm.

It should be noticed that there are other ways of reducing the inversion problem to a Fredholm
integral equation of the form (19) (with a different operator ). For example, in [31], [24] such
a reduction is achieved by using weighted backprojection similar to the exponentially weighted
backprojection used in the Novikov inversion formula, see equations (6), (7). However, while
in the absence of noise such a weighted backprojection would yield good approximations (or an
exact reconstruction in the case of Novikov formula), in the presence of intensive noise in the
data the reconstructed image will be significantly distorted. In contrast, sequence of operators
R R, R R doesnot contain weighted backprojection, which result in considerably lower
noise sensitivity of the approximation computed using (19). The following section contains some
analytic explanation for the advantage of methods based on unweighted backprojection. Numerical
evidences supporting this claim are presented in Sections 3.3 and 4.

3.1 Noise sensitivity of the eighted backpro ection

In order to develop an insight on the advantages of unweighted (rather than weighted) backpro-
jection, let us compare the results of processing noisy attenuated projections of a point source by
two algorithms: the FBP and the Tretiak-Metz scheme. For simplicity we will consider the case of
constant attenuation p(x) = po (in this case the Tretiak-Metz scheme coincides with the Novikov
formula). Assume that the activity distribution is given by a delta function located at the origin, i.e.
f(x) = §(x — x0). Then, the exact projections are equal to (Ry, f)(p, ©) = 6(p—%0-w(¢)) 1(X0,¢),
where function 1(xg, ) depends on the attenuation po and on the shape of the body contour. We
will model the Poisson noise in the projections by multiplying them by a factor 2(xo,®).

Consider first the result u (x) of application of the FBP algorithm to the noisy projections
0(p) 1(x0,¥) 2(x0,¢¥). One can show [32] that

u (x) = R [5(p—x%0-w () 1(x0,0) 2(x09)]
= R [ 1(x0,9) 2(x0,9)(R6(x — %0))(p, ©)]
= o(x0)d(x — xq) + 2 (%X0) 2 of ,0),
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where 5 (X¢) are the even Fourier coefficients of the function 1(Xg,¢) 2(x0,) in the angular

variable:
1

T o

(%0)

and functions  o( ,0) are defined in the polar coordinates ,6 as follows:

2w
/ I(XOaSO) 2(X07(10) € d(,O, k )
0

1
0( 70) = ke 20 k >
= X-—Xp, x—xg=( cosf, sinf).

In other words, the point response u (x) of the combination of measurements and the recon-
struction algorithm (FBP in this case) decreases as a square of the distance from the point.

Consider now the result 4  (x) of the application of the Tretiak-Metz algorithm (we denote
the corresponding operator by R~! ) to the same noisy projections of §(x — xq).

u (x) = R [0(p—x0-w(p)) 1(x0,9) 2(x0¢)]
= R [ 2(%0,9)(Rud(x = %0)) (9, ¥)]
o
= ox0)d(x —x0) + (x0)  (,0).
—00
Functions ( , ) in the above equation admit the following representation [5]
[=]
( 70) = (No)e 20 - _1)= k 0,
o o
with certain constants (10) depending on the attenuation coefficient g, (see [5] for the de-
tails). The important property of functions ( ,0) is that similarly to  ¢( ,#) they oscillate as
e in@but unlike o( ,6) they grow as fast as  ~? in the radial direction. Such a point source

response explains occurrence of star-like artifacts in the images reconstructed using the algorithm
based on the Tretiak-Metz scheme or on Novikov explicit formula, see Sections 2.4. Similar behav-
ior is expected from other methods employing weighted backprojection (such as [31], [24]). The
inverse amplitude algorithm based on the unweighted backprojection, on the other hand, has point
response decreasing fast in the radial direction, and accordingly, as demonstrated by numerical
examples of Sections 3.3 and 4, this method exhibits low noise sensitivity. Such fast decrease of
the point response also explains to some extent the high accuracy of approximations obtained from
this method in case of strongly non-uniform attenuation. Indeed, locally the algorithm provides
good reconstruction since the principal symbol of the operator R™' R R' R .isequal to
1. On the other hand, each of the operators R~' R and R~' R, can be represented as
an integral operator with the kernels decreasing as ~2 in the radial direction so that non-local
distortion also die out fast.

3.2 omputation of R! R, in spectral domain

Equations (13)-(15), and (20) define the basic version of the inverse amplitude algorithm; some
results obtained using this technique are presented in Sections 3.3 and 4.There are, however,
certain shortcomings in the straightforward computation of R™' R, . Namely, evaluation of
the inverse Radon transform R~! is a known ill-posed problem; combined with the interpolations
required when computing both the direct and inverse Radon transforms, it leads to a certain loss
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of finer details. On the other hand, operator R™! R; isa DO of zero order; as we mentioned
before, such operators are continuous from 5 to 5 which suggests that evaluation of R™' R,

can be performed without resorting to ill-posed operations. Indeed, this can be done in a stable
way utilizing techniques proposed in [32], [25] as described below.

Notice that R™' R, can be represented in the following form
1
-1 _ 2 —
(R™' Ry )(y) = //e (=) (X)dex
R? R?
- e W @ (21)
2 Wi(x, +/ )
R2

Let us approximate function (x,p) = 1/W(x,[ / ](¢)) = 1/W(x,w(p + 7/2)) by its Fourier
series in the angular variable as follows:

(x,) (x)e” 2 ¢
(only even harmonics are present in the above equation since W (x,w(y)) is an even function in
¢). Now R™' R, can be approximated by a sum of the Fourier transforms:

for (x) = R R ()

5! e 22U (L[ ) @) )

= o) () +2Re ' 2L D) ) - (22)

Computations according to the above equation are stable and can be performed efficiently using
the Fast Fourier transforms (FFT). The number of terms  in the series (22) can be chosen as
small as 3 to 5 (see examples in the next section) in the case when W (x,w(p)) depends smoothly
on ¢. In the case when this function is not smooth the number of terms has to be increased to a
value compared to the number of measured projections = (n). In the latter case the number
of operations required for evaluations of R™* R;  (y)is (n logn) which is comparable with
(n ) operation count associated with the straightforward computation of R™! R, (y). In the
former case of small values of  computation of R~' R, (y) requires much less operations (of
order of (n?logn)); however, the total acceleration is not as dramatic since evaluation of (x,¢)
still requires (n ) operations. (The acceleration effect can become more essential in the case
when several reconstructions are required within the same section of the body, since in this case
(x,) needs to be computed only once).

In general, replacement of the Fourier transforms by their discrete counterparts (FFTs) in
equation (22) can lead to a spatial aliasing (wrap-around effect). In order to reduce this effect
one would need to zero-pad the functions which, in turn, would result in an increase in computing
time. In our numerical experiments, however, this effect turned out to be insignificant; all results
presented in the next section were computed without zero-padding.

3.3 Numerical examples

In this section we present results of reconstructions from simulated projections computed using the
inverse amplitude algorithm described above. We use this method to invert the attenuated Radon
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(a) (b) (c)

Figure 4: Images reconstructed using the inverse amplitude technique of Section 3 (a) case of
smooth attenuation (see Figure 2(c)) (b) case of discontiuos attenuation (see Figure 2(b)) (c) dis-
continuous attenuation and noisy data; compare to Figure 3

transform with exponential weights, so that the results can be compared directly with the images
obtained in Section 2.

As before, the model activity distribution presented in Figure 2(a) is utilized in all simulations
within this section. We start with the case of smooth attenuation coefficient shown in Figure 2(c).
Figure 4(a) demonstrates the image obtained using the basic version of our method given by equa-
tion (20) (without spectral domain computations). Although the method we use is not theoretically
exact, the reconstruction is practically perfect in this case.

Our next simulation was done with the discontinuous attenuation phantom, Figure 2(b). Notice
that the heuristic reasonings of the previous section were based on the results of the standard theory
of DO valid for smooth amplitudes. Nevertheless, as can be seen in Figure 4(b), our method
produces quite accurate reconstructions even in the case of discontinuous attenuation. The only
image imperfection noticeable in this figure is a slight circular line crossing the uppermost white
circle.

Figure 4(c) presents an image reconstructed from noisy data in the presence of discontinuous
attenuation. Exactly the same projection data were used as the one utilized in Section 2; the
results of the reconstruction can be compared with images in Figures 3(b), 3(c), and 3(c). One can
see that the inverse amplitude method is much less sensitive to noise and, in case of noisy data, it
produces images of better quality than the ones obtained from techniques of Section 2.

Series of images presented in Figure 5 were obtained using the inverse amplitude method with
computations carried out in the spectral domain, as explained in Section 3.2 . Figure 5(a) shows a
result of reconstruction in the case of smooth attenuation (Figure 2(c)); only five terms (= 5) of
the series (22) were used in the computation; the image practically coincides with almost perfect
image shown in Figure 4(a). Images shown in Figures 5(b), 5(c) correspond to reconstructions
in the case of discontinuous attenuation, with =5 and = 30 respectively. One can notice a
little circular jump in brightness located across the uppermost white circle in the image in Fig-
ure 5(b). When larger number of harmonics is used (Figure 5(c)) the jump practically disappears;
in this case the image is very close to the one shown in Figure 4(b) (inverse amplitude technique
without spectral computations). Finally, image in Figure 5(d) was obtained from noisy projections
corresponding to discontinuous attenuation coefficient; the low noise sensitivity of the algorithm
is clearly seen (compare to Figures 4(c), 3(b), 3(c), and 3(d)). In general, comparing images of
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(c) (d)

Figure 5: Images reconstructed using the inverse amplitude algorithm technique of Section 3 with
computations in the spectral domain (Section 3.2 (a) case of smooth attenuation, =5 (b) case of
discontiuos attenuation, =5 (c) case of discontiuos attenuation, = 30 (d) case of discontinuous
attenuation and noisy data, = 5.

Figure 5 against those shown in Figure 4 one can notice that the inverse amplitude algorithm
with computations in spectral domain yields slightly sharper images than the ones produced by
this algorithm with straightforward computation of R~' R, (y). Explanation of this fact was
provided in Section 3.2.

One can conclude from the numerical examples presented in this section that both versions of
the inverse amplitude method we introduce are capable of reconstructing very close approximations
from exact projections. On the other hand, these techniques are significantly less sensitive to noise
than the method based on the explicit inversion formula (see Section 2). This low noise sensitivity
enables one to process successfully results of real measurements as demonstrated in the next section.

Application to real data

In this Section we test the algorithms introduced in Sections 2 and 3 on data of real measurements.
Images presented within this section were reconstructed from real measurements performed at the
Service Hospitalier Frederic oliot, France. The measurements were carried out using phantoms
made of several cylindrical vessels filled with radiating and absorbing solutions. The corresponding
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(a) (b) (c)

Figure 6: Real phantoms (a) activity distribution (b) attenuation map (c) some of the projections.
Results of measurements courtesy Service Hospitalier Frederic oliot, France.

activity distribution is shown in Figure 6(a). Figure 6(b) presents the attenuation distribution
created in the experiment; the maximal optical length (a dimensionless quantity equal to a line
integral from attenuation coefficient) was equal to 4.35. One can judge the level of noise in the
actual projections from the graphs presented in Figure 6(c). (Notice that in the absence of noise
the graphs corresponding to projections of the phantom shown in Figure 6(a) would be represented
by a few almost circular arches; in our case, however, this structure is completely masked by the
noise).

Images reconstructed using algorithms introduced in Sections2 and 3 are presented in Figure 7.
Similarly to what was observed in numerical simulations of Section 2, the straightforward use of
the explicit inversion formula yields an unacceptable level of noise in the image (Figure 7(b)), even
if significant low-pass filtration (Figure 7(c)) is applied. The multiplicative correction technique of
Section 2.3 produces considerably less noisy image, see Figure 7(d). Both versions of the inverse
amplitude algorithm (Section 3) yield even better reconstruction; in agreement with the discussion
in the beginning of Section 3.2 the straightforward evaluation of R™! R; leads to a certain
loss of finer details and produces slightly smoother image than the one reconstructed through
evaluation of this operator in the spectral domain. (The latter method seems to be preferable
since, if a smoother image is desired, one can always apply a low-pass filtration to a sharper
image; on the other hand, producing a sharper image from a smoother one represents an ill-posed
problem).

onclusions and ac nowledgments

In present paper we introduced two analytic methods applicable for image reconstruction in emis-
sion tomography. These algorithms were tested both by numerical simulations and by applying
them to (noisy) data of real measurements.

The first of our methods is based on the Novikov explicit inversion formula; it can be used
for the inversion of the attenuated Radon transform — this problem arises in SPECT. Our tests
show that while the straightforward implementation of the formula works very well when no noise
is present in the data, real measurements containing significant level of noise cannot be processed
directly. As a remedy to this problem we introduced a multiplicative correction technique, which
improves considerably the noise propagation properties of the algorithm. The combination of this
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() (e) (f)

Figure 7: Reconstruction from real data (a) real activity distribution (b) Novikov inversion, see
Section 3 (¢) Novikov inversion with low-pass filtration (d) Novikov inversion with multiplicative
correction, see Section refenhan (e) inverse amplitude algorithm of Section 3 (f) inverse amplitude
algorithm with spectral computations (see Section 3.2). Results of measurements courtesy Service
Hospitalier Frederic oliot, France

technique with the explicit formula allows one to treat measurements containing high level of noise.

The second analytic method introduced in this paper can be used for approximate inversion of
the (more general) weighted Radon transform, related to a wider variety of applications of emission
tomography. Although this method is not exact, an extensive numerical testing demonstrates that
it yields very accurate approximations in the case of exact data, and that this technique is very
stable with respect to noise in the data — so that by processing real measurements with this
algorithm one obtains better results than those resulting from theoretically exact computations.
It is clear that the good performance of this technique is related to certain properties of DO (as
explained in Section 3), however, the rigorous theoretical foundation of the method is not available
at this point; it is a subject of our current research.

We express our gratitude to Service Hospitalier Frederic oliot, France, for the access to the
data of real measurements. In particular, we would like to thank Dr. R. Trebossen for a detailed
explanation of the structure of the phantom and measured data. We are also indebted to Professors
R. Novikov, P. uchment and P. Guidotti for helpful discussions.
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Appendix

In this Appendix we provide a derivation of equation (16). This formula results from equations
(13), (14), and (15) after the following (self-explanatory) equivalent transformations:

¥) = (R 'Ruf)(y)
= %/ / / /f(x)w(xgw(¢))5 (x-wJ-(SO) _p) dx e 27P dp 27 (w)d dQO
0 R R R2
= %/ / ™ () U fxwxw@)dxd dp
0 0 R2
2w oo
%/ / e (=) M fxw(x,wp))dx d dp
0 0 R2
- 3 / / ™ () ) f(x) [w(x, w(p)) + wix,w(e +m)]d dpdx
R2 0 O
1
= e2m (=) FEOW (x,— | d dx,
! (=)

where the following notations were introduced
(L) = wh(p) = ( cosp, siny),

W (x,w) = % [w(x,w) +w (x, —w)] .
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