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Abstract: Fast Fourier transform (FFT) is a fast algorithm which computes the discrete Fourier transform (DFT) of
a sequence, or its inverse. Fast Fourier transform is widely used for many applications in engineering, science and
mathematics, such as signal decomposition, digital filter and image processing. As a result, the fine-grained optimi-
zation of FFT is extremely important in application. This paper studies the typical decomposition strategies of FFT,

the parallel implementation of FFT algorithms on large-scale clusters and proposes some optimization strategies. On

* The National Natural Science Foundation of China under Grant Nos. 61432018, 61133005, 61272136, 61521092, 61502450 (% H
SRFL2 K 4r); the National Key Research and Development Program of China under Grant No. 2016 YFB0200803 (& 5% & 5 ifF & i1
K1); the Postdoctoral Science Foundation of China under Grant No. 2015T80139 (4 [E1#+-J5 £l 24 3£ 4r); the National High Technol-
ogy Research and Development Program of China under Grant Nos. 2015AA01A303, 2015AA011505 (& % 5 £ AR AF5E & J@ iK1
(863 11 %1)); the Key Technology Research and Development Programs of Guangdong Province under Grant No. 2015B010108006
(" ZRA R R H); the CAS Interdisciplinary Innovation Team of Efficient Space Weather Forecast Models (1 7RH /555 25 [H] K
PR AR A 2 S AR E).

Received 2016-11, Accepted 2017-01.

CNKI MIZE A i 2017-01-05, http://www.cnki.net/kems/detail/11.5602.TP.20170105.0828.006.html



864 Journal of Frontiers of Computer Science and Technology i+ ENBIZEHEER 2017, 11(6)

that basis, this paper also evaluates a variety of FFT algorithms performance on different platforms, then analyzes
the implementation, strength and weakness, and the computing scalability on large-scale clusters of these algorithms.
The experimental results show that the research of this paper can contribute to the further optimization on existing
FFT algorithms, and instruct to choose an FFT algorithm which performance is better on large-scale heterogeneous
systems (CPU and GPU) in order to satisfy the specified requirements.

Key words: cluster; fast Fourier transforms (FFT); message passing interface (MPI); performance optimization
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Fig.7 Performance comparison of different algorithms
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Fig.17 Performance evaluation of different
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