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Fast Evolutionary Image Processing using Multi-GPUs

Jun Anpof! and ToMOHARU NaGaof!

‘We have already proposed the system which automatically constructs image processing with
Genetic Programming (GP), Automatic Construction of Tree-structural Image Transforma-
tion (ACTIT). However, these complex image processing systems require much computing
time because the problem uses large and many images. On the other hand, the research
which employs GPU for the general purpose of calculating presently becomes popular. In this
paper, we propose a fast evolutionary image processing system on multiple GPUs. We employ
GPU to ACTIT for the purpose of reducing optimization time. Besides, the system effectively
calculates in parallel with multiple GPUs for the fast processing. The optimization speed of
the proposed system is several hundred times faster than that of the ordinary ACTIT.
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