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Purpose: The maximum iikelihood-expectation maximization (ML-EM) is the statistical reconstruction algorithm
derived from probabilistic model of the emission and detection processes. Although the ML-FM has many
advantages in accuracy and utility, the use of the ML-EM is limited due to the computational burden of iterating
processing on a CPU (central processing unit). In this study, we developed a parallel computing technique on GPU
(graphic processing unit) for ML-EM algorithm. Materials and Methods: Using Geforce 9800 GTX+ graphic card
and CUDA (compute unified device architecture) the projection and backprojection in ML-EM algorithm were
parallelized by NVIDIA's technology. The time delay on computations for projection, errors between measured and
estimated data and backprojection in an iteration were measured. Total time included the latency in data
transmission between RAM and GPU memory. Results: The total computation time of the CPU- and CPU-based
ML-EM with 32 iterations were 3.83 and 026 sec, respectively. In this case, the computing speed was improved
about 15 times on GPU. When the number of iterations increased into 1024, the CPU- and CPU-based computing
took totally 18 min and 8 sec, respectively. The improvement was about 135 times and was caused by delay on
CPU-based computing after certain iterations. On the other hand, the GPU-based computation provided very small
variation on time delay per iteration due to use of shared memory. Conclusion: The CPU-based parallel
computation for ML-EM improved significantly the computing speed and stability. The developed GPU-based ML-EM
algorithm could be easily modified for some other imaging geometries. (Nucl Med Mol Imaging 200%43(5):459-467)
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Figure 1. It represents a strategy for GPU-based parallel processing for ML-EM reconstruction

algorithm.
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Figure 2, Due fo bank conflict during forward projection, an arfifact was produced:
(A) expected image. (B) image with arfifact because of bank conflict problem.
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Figure 3. It represents a process and a memory structure for GPU’s parallel processing
strategy: (A) using LUT in global memory, (B) repeating computation of system matrix in

eqch iteration.
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Figure 4. For simulatfion, it is used an (A) Hoffman brain soffware phantom and
generafed a (B) projection data for the phantom from projector modelled with

pixel-driven method.

Table 1. Computation Specification

Device Model

CPU?  Intel(R) Core(TM) DUO 6300 @ 1.86GHz x 2
RAMP  Samsung 1G DDR2 4400 SAM x 2

GPU”  NVIDIA GefForce 9800 GTX+

PCenteral Processing Unit, ®Random Access Memory, “Graphic
Processing Unit.
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Figure 5. A percent emor graph and reconstructed images from CPU- and GPU-based ML-EM
algorithms were obtained using various Iterations of 32, 64, 128, 256 and 1024.

Table 2. Computation Times for CPU and GPU based ML-EM Reconstructions (Using LUT Stored in Global Memory)

Latency (msec)

Iteration number Ratio
CPU® GPUP
32 3832 1224 x3.1
64 7641 2433 x3.1
128 28852 4848 x5.9
256 142676 9695 x14.7
1024 1066182 38699 x27.6

“Centeral Processing Unit, ®Graphic Processing Unit.

Table 3. Computation Times for CPU and GPU hased ML-EM Reconstructions (Without LUT and Repeating Computation in Each Iteration)

Latency (msec)

Iteration number Ratio
CPU? GPUP
32 3832 258 x14.8
64 7641 506 x15.1
128 28852 1003 x28.8
256 142676 1996 X71.5
1024 1066182 7932 x134.4

“Centeral Processing Unit, ®Graphic Processing Unit,
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