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Speeding up differential evolution particle filter algorithm by GPU
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Abstract: This paper proposed a differential evolution particle filter method based on parallel protocol of zero bank conflict
in order to solve the computational complexity of particle filtering in real-time systems. Firstly it analysed the memory access
mode of parallel differential evolution particle filter algorithm in GPU. Then according to the relationship that the root mean
square error was proportional to the degree of bank conflicts in memory access it proposed a differential evolution particle filter
with filled addressing mode to remove bank conflict which reduced the computational complexity. It implemented the algorithm
in NVIDIA GTX960 GPU and compared with the serial differential evolution particle filter algorithm. As the number of parti—
cles increases the amount of calculation increases exponentially. Theoretical analysis and simulation results show that the
tracking algorithm using GPU acceleration is significantly reduced the execution time. It improves the tracking accuracy and
reduces the computation effectively.
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#define NUM_BANKS 16

#define LOG_NUM_BANKS 4

#if define ZERO_BANK_CONFLICTS

#define CONFLICT_FREE_OFFSET(n) \ ((n) > > NUM_BANKS + (n) > >
(2* LOG_NUM_BANKS))

#else

#define CONFLICT_FREE_OFFSET(n) ((n) > > LOG_NUM_BANKS)

#end if

block Az temp 2 xthid =g_idata 2 x thid
temp 2 xthid+1 =g idata 2 xthid+1 ;
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