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ABSTRACT

To significantly improve the temporal resolution for
dynamic cardiac imaging, multiple cameras have been
proposed to be integrated in a single-photon emission
computed tomography (SPECT) system focusing on a heart-
size region-of interest (ROI). However, the truncated
projections will cause interior SPECT problem, which
doesn’t have unique solution. Inspired by the recent results
on interior tomography in the x-ray computed tomography
(CT) field, the compressive sensing (CS)-based interior
SPECT theories have been established. However, those
theoretical results have not been evaluated using a realistic
dataset acquired from a clinical SPECT scanner. In this data
paper, we present a phantom dataset acquired from a clinical
SPECT scanner and use it to evaluate the CS-based iterative
reconstruction algorithm for interior SPECT.

Index Terms—Data  Paper, Interior SPECT,
Compressive Sensing, Total Variation Minimization, OS-
SART

1. INTRODUCTION

In a single-photon emission computed tomography (SPECT)
examination, some gamma-emitting radionuclide is first
injected into the bloodstream of a patient. Then, a planar
gamma camera is rotated around the patient to acquire
multiple 2D projections. The 3D distribution of a
radionuclide source can be reconstructed from the 2D
projections[1, 2]. One of the major drawbacks of the SPECT
is its extended imaging time for dynamic imaging. Now,
commercial two or three heads SPECT systems have been
widely used in clinical. To further reduce the acquisition
time and improve the temporal resolution of SPECT, a
natural solution is to increase the gamma camera number to
acquire multiple projections simultaneously. Consequently,
in recent years several dedicated SPECT systems have been
developed for dynamic cardiac imaging [3], which has small
multiple gamma cameras focusing on a heart-size region-of-
interest (ROI).

The computed tomography (CT) reconstruction is a
special case of SPECT when the attenuation coefficients are
set to zero. Inspired by the recent results on interior
tomography in the x-ray CT field, we proved that
theoretically exact interior SPECT is feasible from
uniformly attenuated local projection data, aided by a known
sub-region in an ROI [1]. Based on the compressive sensing
(CS) theory, it was proved that if an ROI is piecewise
polynomial, then it can be uniquely reconstructed from
truncated SPECT data that go directly through the ROI [2].
However, on one hand, those theoretical results have not
been evaluated using a realistic dataset acquired from a
clinical SPECT scanner. On the other hand, there is no
standard real SPECT datasets available. This motivates us to
present a standard phantom dataset to serve as a platform for
the evaluation of SPECT reconstruction algorithms.

In this data paper, we present a phantom dataset
acquired from a clinical SPECT scanner and use it to
evaluate the CS-based iterative reconstruction algorithm for
interior SPECT. The organization of the paper is the
following. In the next section, we define the interior SPECT
problem and present an iterative reconstruction method. In
section Ill, we describe the datasets. In section 1V, we
evaluate the performance of the interior SPECT algorithm
using the real phantom datasets. In the last section, we
discuss relevant issues and conclude this data paper.

2. INTERIOR SPECT METHOD

2.1. Interior SPECT

Let f(x) be a 2D smooth distribution function on a
compact support Q with x=(x,x,)€Q . In a parallel-
beam geometry, a SPECT projection of f(x) in rotation
angle 6 is [4]

P@.5)=|" F(s0+104)e b gt 1)
where 0=(cos@,sind) , 0" =(-sind,cosd) and u(X)

denotes the attenuation map on the whole support. In real



applications, the attenuation map u is acquired from CT

scanner.
The interior SPECT projection of f(x) can be

described by [2]

R (8,s)=P(0,s),—c<s<c,0<0< 2. 2)
Figure 1 illustrates the interior SPECT/CT. We can find that
in any rotation angle &, only the central part of the
projection are available. According to the results in [2], if
f(x) is a piecewise smooth function and compactly
supported on a disk Q ={x=(x,x,) e R*:[x|<r}, and the
attenuation map w(x) is a constant in Q,, then the interior
problem (2) has a unique solution f(x) in the ROI region

Q, ={x=(x,%)eR*:|x|<c<r}.
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Figure 1. lllustration of the interior SPECT/CT.

2.2. Discrete model of SPECT system

For CT scanning systems, the discrete model of projections
in terms of the Radon transform can be expressed as [5]
Wu=b, ©))

where b=(l,b,,....b,, )T eR™ represents the measured

projections and each b, is measured along an x-ray path,

.
one dimensional (1D) vector s =(g4,ty,..otty, ) €R™
reformatted from the 2D CT image 4 ; and a known non-
zero matrix W whose component w, . is the intersection

area between the mth x-ray path and nth pixel.
For SPECT scanning system, the discrete model of
projections can be expressed as

Af =p, 4)
where p=(p,, P,r..es Py )T eRY represents the measured
SPECT projections and 1D vector f =(f, f,,..., fy) e R"

reformatted from the 2D SPECT image f; ;. Suppose the
CT image and SPECT image have the same size and let L
represent the radial in the mth ray and starts from the nth

pixel, the component a_ , of the matrix A can be expressed
as

B = W€ (5)
For interior SPECT system, only the available ray paths are
considered.
2.3. CS based iterative reconstruction method
The expectation maximization (EM) algorithm is an iterative
procedure to calculate maximum likelihood estimates [6].
The ML-EM algorithm is given by
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where k represents the iteration number. We can find that
each image estimate is updated after all correction term have
been backprojected.

Suppose that f(x) is piecewise constant in the ROI
Q, , it can be reconstructed by minimizing the total variation
(TV) of a candidate image [2]. Let f;; be a digital image
reconstructed from the available local projections, where A
represents the sampling interval, and i and j are integers.
Similar to the reconstruction method used in [7], we develop
the following reconstruction method:

Initialize iteration number k=0 and f® =0;
Repeat the main loop:

k=k+1, f&© = £k,

Update f® by formula (6);

Initialize the maximal step for the steepest descent
p=0.005 and the decreasing scale of p after each

computation p, =0.997;;

Repeat TV minimization loop:
Computing the steepest decent direction d, ; :
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i (3]
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where g, ; = Sl A7 W e, (8)
and ¢ is a small positive number;
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P=pPXps; (11)



Until the stopping criteria are satisfied.

In each iteration step, first the ML-EM algorithm is
used to enforce data consistency, then the steepest descent
search algorithm is used to minimize the TV of the
reconstructed image.

3. DATASET DESCRIPTION

3.1. Data acquisition

A Jaszczak SPECT phantom filled with radionuclide was
scanned by a Philips BrightView SPECT XCT. 128
projections were uniformly acquired over 360 degree in a
parallel-beam geometry. Each projection was in a matrix of
256x256, and the detector element size was 1.598x1.598
mm?. The projection of the origin was exactly the
geometrical center of the detector. A 3D volume CT image
was reconstructed by the scanner. It has 256 slices and each
slice has 324x324 pixels. The slice thickness and pixel
width and height were all 1.598 mm. The origin was also

exactly located in the geometrical center of the 3D CT image.

Therefore, one CT slice image exactly corresponds to one
SPECT slice image and there is no mismatch problem.

3.2. Data format

All data were saved as MATLAB mat files. The scanning
angles were stored as a 128x1 vector "Angles" and saved as
"Angles.mat". The 3D CT image data were stored as a 3D
324x324%256  array  "CTlmage" and saved as
“3DCTImage.mat". Each page (the 3™ dimension) of
"CTImage" represents a slice of 2D 324x324 CT image. The
projection data were stored as a 3D 256x256x128 array
"SPECTProj" and saved as "3DSPECTProj.mat". Each page
of "SPECTProj" represents a 2D 256x256 SPECT
projection in a scanning view.

3.3. Method to read
All data can be loaded using MATLAB load command.
3.4. Evaluation criteria

For the interior SPECT, the reconstruction results can be
quantitatively evaluated using two indices. One is the root
mean square error (RMSE), the other is the image quality
assessment index for structural similarity (SSIM) [8], which
is shown to be consistent with visual perception. The closer
it is to 1, the higher the structural similarity is. The images
reconstructed from non-truncated global projections can
serve as references.

4. EXPERIMENTAL RESULTS

Because the SPECT projections are very noisy, a
Butterworth filtering was used to reduce the noises in the
projections. In the experiments, 10 slices (#155-164) which
cut cold rods were selected.

In the first study, the projections at the 160™ row were
extracted to form the sinogram for the 160" slice. Figure 2

shows the sinogram without/with Butterworth filtering. The
corresponding x-ray CT image was used to serve as an
accurate attenuation map for the SPECT reconstruction.
Furthermore, the support of the CT image was selected as
the support of the SPECT image. At the end of each
iteration, the pixels outside the support were set to be zero.

Fig. 2. Sinogram ‘ the 160" slice without (Ieffj/with (right)

Butterworth filtering.

In order to simulate an interior problem, we manually
truncated the projections to only keep the central 88 detector
cells. Figure 3 shows the reconstructed images of the 160"
slice. For global reconstruction, the maximum iteration
number was 20, while for interior reconstruction it was 100.
Figure 4 shows image profiles along the vertical and
horizontal central lines. From figures 3 and 4, we can see
that the interior SPECT results are in a good match with the
global ones. Besides, the CS-based reconstructed results are
smoother than the results using EM algorithm.

Fig. 3. The reconstructed results of the 160" slice. (a) is the x-ray
CT image in a display window [0, 0.1]. (b) and (c) are the SPECT
images reconstructed by the EM and CS-based algorithms from
global projections, respectively. The white circle in (b) indicates
the interior ROI. (d) and (e) are the corresponding interior SPECT
images of (b) and (c). The display window for (b)-(e) is [0, 0.7].
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Fig. 4. Profiles along the vertical and horizontal central lines.

In the second study, the other 9 slices were
reconstructed and the results were quantitatively evaluated
using RMSE and SSIM. The EM global results were
considered as benchmarks for the reconstructed images from
truncated projections. The RMSE and SSIM indices of these
results are plotted in figure 5. From the quantitative
comparison, we can find that CS-based algorithm
outperforms EM.

In order to observe the iteration process, for each slice
from 155 to 164, the RMSEs of the reconstructed images
after different numbers of iterations are plotted in figure 6.



We can find that CS-based method has higher precision and
faster convergence speed. Furthermore, EM has obvious
semiconvergence phenomenon. After about 40 iterations, the
RMSEs of EM results become larger, while the RMSEs of
CS-based results still become smaller.
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Fig. 5. RMSEs and SSIMs of reconstructed slices from truncated
projections.
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Fig. 6. RMSEs of reconstructed images after different numbers of
iterations. From top to bottom and left to right, the plots are
corresponding to the 155" to 164" slices.

5. CONCLUSION

The CS-based interior SPECT reconstruction algorithm has
been successfully developed and evaluated on phantom
experiment. Compared with EM method, the improvement
of image quality has been demonstrated. Furthermore, the
CS-based method has faster and better convergence.
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Raw Dataset Available at:

https://drive.google.com/folderview?id=0BzFauoP3UVDFWVMw
YOpwenpRYOE&usp=sharing

https://skydrive.live.com/?cid=fd350a2698cablec&id=FD350A26
98CAB1EC!3106&authkey=!AP4qflk8NTPJVBE
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