PARALLEL COMPUTATION OF A SPECT PROJECTION OPERATOR FOR A CONTENT
ADAPTATIVE MESH MODEL

Francesc Massanes, Jovan G. Brankov

[llinois Institute of Technology

ABSTRACT

In this paper we explore a parallel implementation for fast
calculation of a tomographic projection operator for content-
adaptive mesh model (CAMM) image reconstruction. Previ-
ously we introduced 2D and 3D tomographic image recon-
struction using a CAMM for single positron emission com-
puted tomography (SPECT). The proposed parallel method
is fast and allows incorporation of a non-uniform attenuation
and distance-dependent spatial resolution of the imaging sys-
tem. This implementation establishes a necessary step for the
future development and practical use of the CAMM tomo-
graphic reconstruction.

Index Terms— Image reconstruction, Emission Tomog-
raphy, Parallel computing, SPECT

1. INTRODUCTION

In emission tomography, it is customary to represent volumet-
ric data using uniform sampling and voxel basis functions.
In [1] and [2] we proposed a content-adaptive mesh model
(CAMM) framework for reconstruction in which the volumet-
ric data to be reconstructed is represented by a non-uniform
sampling. This sampling is performed on a spatially adap-
tive, non-uniform grid (mesh nodes, see Figure 1), followed
by partitioning into a collection of non-overlapping tetrahe-
drons (mesh elements). The image function is then deter-
mined over each mesh element by interpolation (usually lin-
ear) from its nodal values. In CAMM the nodes are placed
most densely in image regions that have fine details by using
pre-reconstructed images using filtered-back projection [2].
Previously we compared a CAMM iterative maximum
likelihood reconstruction approach with commonly used it-
erative voxel based methods [2, 3]. These results show that
CAMM achieves the best performance in terms of peak signal
to noise ratio (PSNR), defect detection measured by channel-
ized Hotelling Observer (CHO) and, since a CAMM is a
compact image representation, the shortest computation time
as well. However, in the listed work we did not develop a
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methodology for direct and fast calculation of a projection
operator. In [4] and [5] we proposed an accurate model for the
calculation of the projection operator (PO), using ray casting
methods, but it was prohibitively computational intensive for
practical use (for an alternative method one can see [6])

To achieve practical PO calculation time we presented
parallel implementation of the proposed ray casting method
in 2D case [7] and performed comparison with [6]. The re-
sults suggested that the ray casting method has a shorter exe-
cution time if a parallel implementation is considered. In this
work we go one step forward and present a full 3D parallel
implementation of the ray casting method presented in [4, 7].

Our parallel approach is implemented in OpenCL [8], a
standard that has been lately used for its incredible resource-
fulness and versatility. OpenCL is a royalty-free standard for
cross-platform, parallel programming, allowing full utiliza-
tion of both classical multi core CPUs or powerful graphical
processing units (GPU) cards like NVIDIA Tesla without the
need to rewrite the computer code. Other successful applica-
tions of OpenCL in the field of image reconstruction like in
[9, 10, 11] suggest that OpenCL is a perfect candidate for our
task.

Fig. 1. Non-uniform sampling (nodes) generated using NCAT
[12] in black and bins on a collimator camera in red.

2. PROJECTION OPERATOR
In this section we will describe the basics of projection op-

erator calculation, using a ray casting method, followed by
a brief description of the proposed OpenCL implementation.
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More details on the mathematical development of the operator
can be found in [4].

2.1. Operator Definition

In SPECT tomographic imaging, the acquisition process is
performed by a gamma camera (detector array) on an orbit
around patient (it can be circular, elliptical or any other) to ac-
quire multiple 2-dimensional images (projections) from mul-
tiple angles. In [1], we show that the CAMM tomographic
model can be expressed as:

Elg]=H fy

where f,,, denotes a vector formed from the nodal values of
the mesh structure representing the emission image, E[-] is
the expectation operator, g denotes the projections measured
by a gamma camera and H is the projection matrix. Note that
this projection matrix depends on the attenuation image, the
detector-collimator spatial response and the geometry of the
imaging system. The main purpose of this paper is to show a
fast method to compute projection (system) matrix.

2.2. Integral decomposition

A single element of g at for a given detector bin z;,y;, with
an altitude of z; and a projection angle of 6}, can be computed
by the following integral:

Blgusal = [ fGusalw)e i 0mr ) gy
0

where ; ; 1, is the arc-length parametrization of the casted ray
path that starts at bin x;,y; with altitude z; from projection 6,
and goes through and emission volume f(x,y, z) with attenu-
ation map p(z,y, z) . The use of the CAMM model to repre-
sent f(x,y,2) and u(x,y, z) allow us to convert the integral
above into the integral below:
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where 7 are the mesh elements intersected by the path of

Yi.j.k» Plyijk 18 the entry point of the ray ; ;. into the el-
ement T3, ¢ ; ;1 is the exit point of the ray ; ; from the
element 77, and r; ; ; 1. is the middle point of the intersection,
see Figure 2.

2.3. Mesh Interpolation

By using linear interpolation and CAMM the value of a func-
tion f(z,y, z) inside an element 7} can be interpolated from
the values of the nodes of 7;. Essentially, if the nodes of
T} can be denoted by p;, ¢ = 1,2,3,4 and the values of
f(z,y,z) on the nodes of 7} are denoted by fi = f(pi)s
i = 1,2,3,4, we can approximate the value of f(x,y,z) at
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Fig. 2. Intersection of ray +; ; . with element 77.

a point s inside 7; by using its barycentric coordinates with
respect to the nodes of 7;:

i
£(5) = Pa(5), Aa(8), As(5), ()] - jﬁ — ()T

fa

where \(s) satisfies the linear equation s = A(s)”-[p1, p2, P3, Pa]”

and )\1(8) + )\2(5) + )\3(5) + )\4(S) =1.

2.4. Integral approximation

We can use the interpolation explained in Sec 2.3 in order to
approximate the integral in Sec 2.2 as:
ql,i,5,k
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2.5. Detector-collimator spatial response

The detector-collimator spatial response is usually modeled
as a Gaussian spatially dependent blur with increasing full
width at a half maximum (FWHM) linearly as a function of
the distance from the detector surface [13]. This blur model
approximates collimator penetration and light diffusion in the
scintillator material. We account for this by tracing multiple
rays in a cone, denoted by n, from each projection bin g; ; 1,
where with each ray we associate the probability of accepting
a photon from that path, w,,.

Now the n-th casted ray is describe by ~;"; ;. , thus, the
original formula becomes:
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At this point we are faced with a trade-off between projec-
tion operator accuracy and computational complexity, which
depends on how many rays are casted. In Figure 3 we present
a hexagonal ray casting pattern which, if properly dimen-
sioned, ensures that no element inside the hexagonal cone is
missed. The mathematical formulation of this is omitted due
to the spatial limitation.

R

Fig. 3. Ray-Casting pattern which, if properly dimensioned,
can assures that no mesh element is missed

3. IMPLEMENTATION

To fully use the parallel computation by OpenCL, the pro-
posed implementation must observe some basic rules. These
rules can be summarized as follows: One should not syn-
chronize threads often; write on the same memory location
by more then one running thread; have multiple flow paths
within a thread; or use too many registers. Therefore, we di-
vided our parallel implementation into four steps:

1. For fixed n, compute the entry point of ’anj i into Tj
mesh element (i.e. pj'; , ;)

2. For fixed n, compute:

DN R R

{Hva, A0y e

exp (7 /O”k I (V)] - dv) du

3. Iterate over n.

Next we will give several remarks on improvement in the
overall execution time.

1. Even though matrix H is highly sparse, allocating a
sparse matrix used in parallel processing can diminish
overall performance due to the need to synchronize run-
ning threads in memory access step. Furthermore allo-
cating the full matrix H was too memory demanding
so we opted for computing and storing one row of at a
time.
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2. Since each row of H is uniquely related to the value of
9i,j,k» Tunning multiple ~;"; - with fixed n guarantees
that each running thread w111 be working on a separate
memory space without the need for thread synchroniza-
tion.

OpenCL is designed to handle geometric operations
efficiently. So, operations as an addition of three-
dimensional tuples may be done in just one cycle if the
hardware supports it (like on CPUs but not GPUs).

3.1. Computing the entry point

In order to compute the first entry point of ~;'; . into the
CAMM we first intersect the ray with all the planes defining
the boundaries of the CAMM. Then we use the jump-and-
walk algorithm [14, 15] to approach that point. If we detect
that the point is inside the triangulation, we already have the
entry point pfm ik and the element 7j; otherwise, if we de-
tect that the point lies outside the triangulation, we finish the
thread.

3.2. Computing the integral

As we described in Sec 2.2, the integral can be approximated
by summation of a set of integrals over each element. Thus,
given p;’; ; . and 7 we only need to find ¢;; ; ; and then com-
pute the integral described on Sec 2.4 over the element 7;.

In order to compute the entries and exits points of the ray
through the element, we use a numerically stable algorithm
described in [16].

4. RESULTS

For the testing of our implementation we used fixed geome-
try as shown in Figure 1, with 10927 nodes and casting 225
rays for each projection bin. We tested the proposed paral-
lel implementation on: 1) Intel(R) Xeon(R) CPU E5520 at
2.27GHz with four quad-cores (16 processors in total); 2)
NVIDIA Tesla C2070 with 14 multiprocessors each one at
1.147GHz (448 processors in total), and as a baseline a single-
threaded C/C++ implementation (with following optimization
flags: —03 ) running on the Intel(R) Xeon(R) CPU E5520
at 2.27GHz. The execution times for the 16 CPU cores are
shown in Table 1 and the execution times for the NVIDIA
Tesla GPU are shown in Table 2. In Table 3 we predict the
execution time of using four identical GPUs.

The presented results demonstrate the OpenCL imple-
mentation’s superiority over classical single thread CPU
C/C++ implementation. In addition it also demonstrates that
using GPU hardware one can achieve the best speedup. Here
it is worth noting that the GPU hardware cost is a fraction of
that of the CPU hardware.



Table 1. Execution time for OpenCL implementation exe-
cuted on 16 cores CPU at 2.27GHz.

Number | Number of | OpenCL | Single thread | Speed
of bins | Projections | Execution Execution Up
Time Time
64° 64 1.7 min 37.8 min 223
64* 128 3.4 min 75.6 min 223
1282 64 7.3 min 151.2 min 20.8
1282 128 14.5 min 302.4 min 20.8

Table 2. Execution times for OpenCL implementation exe-
cuted on 14 multicores NVIDIA GPU at 1.147GHz.

Number | Number of | OpenCL | Single thread | Speed
of bins | Projections | Execution Execution Up
Time Time
64° 64 1.3 min 37.8 min 28.0
64° 128 2.7 min 75.6 min 28.0
1282 64 4.8 min 151.2 min 314
1282 128 9.6 min 302.4 min 314

Table 3. Estimated execution times using four GPU cards.

Number | Number of | OpenCL | Single thread | Speed
of bins | Projections | Execution Execution Up
Time Time
64° 64 0.32 min 378 min | 114.4
64° 128 0.67 min 75.6 min | 112.2
128° 64 1.2 min 151.2 min | 124.6
1282 128 2.4 min 302.4 min | 124.6

5. CONCLUSIONS

In this paper we explored the feasibility of using OpenCL
for tomographic reconstruction using content adaptive mesh
model (CAMM). We demonstrated a fast mesh model based
project operator calculation using the ray casting algorithm.
Then, the problem of image reconstruction becomes the es-
timation of these model parameters. We also demonstrated
approximately 22x of speed up using OpenCL and multi-core
CPU and 30x of speed up using NVIDIA graphical process-

ing

units with the possibility of 120x speed up with use of

four GPU cards.
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