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A parallel algorithm of FastICA dimensionality reduction

for hyperspectral image on GPU

FANG Minquan, ZHOU Haifang, ZHANG Weimin, SHEN Xiaolong
(College of Computer, National University of Defense Technology, Changsha 410073, China)

Abstract ; Fast independent component analysis dimensionality reduction for hyperspectral image needs a large amount of matrix and iterative

computation. By analyzing hotspots of the fast independent component analysis algorithm, such as covariance matrix calculation, white processing,

ICA iteration and IC transformation, a GPU-oriented mapping scheme and the optimization strategy based on GPU-oriented algorithm on memory

accessing and computation-communication overlapping were proposed. The performance impact of thread-block size was also investigated.

Experimental results show that better performance was obtained when dealing with the hyperspectral image dimensionality reduction problem: the

GPU-oriented fast independent component analysis algorithm can reach a speedup of 72 times than the sequential code on CPU, and it runs 4 ~6.5

times faster than the case when using a 16-core CPU.
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Tab.1 Time distribution of FastICA

H PR B [a]/s Hor e/ %
input 2.61 0.36
Cov 218.08 29.93
eigenvalue 0.33 0.05
white process 135.83 18. 64
ICA iteration 368.17 50.53
IC transformation 2.56 0.35
output 1.07 0.15
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Fig. 1 GPU mapping scheme of covariance matrix
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dmfoe iz pfeabBEl BrarU 10
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1024 4240.85 453.14 8.4l 121.64

4 LIGAER

4.1 B TEE5WXEE

AR G — 1T 58 % 2444 ( Compute Unifed
Device Architecture, CUDA) 37 R 323 iR GPU 3t
TSR J7 S ANARAC A o b i B i %R I | 1) i
B TE S, AR cublas [, FEALIT L
ANTITH P 1& 1) 25 R A4 E , cublas 2R A
FAIE float, T 55 D615 AR L5 2584y unsigned
char , W05 5 08 900 3 A5 74t == ), w] RE
GPU 4 Jm) 7 fitf 45 i,  BUTC AL B 2) BRI
unsigned char F| float 28 &Y {55 1 JT 45 , GPU B(4E
J A% (Many Integrated Core, MIC ) ZEPpAb S 17



4

J7 R, %5 - GPU L leil s ICA [BR4EFF4753 34 69

[1] unsigned char ZEAY Y IE R H, float 58RI /NME L
3) cublas Jg pR 50T 55 JC i 0, Wb UGG 15 S5 T
SRS BOC R R a0 LR
4) T G B A A R s A R,
i 75 ARAE Y cublas ARANBEARAT B4 AYRCR .

SR HT £ A GPU BB R & 5
# 2 1~ 8 #% Intel Xeon E5 —2650 CPU # nVidia
Tesla K20 GPU, #4345 % Al Linux CentOS 6. 2
PAERS .GCC 4.4.6 Fii¥ss .CUDAS.0 T HAY,

ASCRFR 4 BH0 5 PR WOCRUEO LIS
A ( Airborne Visible Infrared Imaging Spectrometer,
AVIRIS) @il 8 . B © 2ad WAk B,
16 137 int BGRE(E B4 unsigned char 287
AR R A S

R4 BAEZGBEFAGR

Tab.4 Information of hyperspectral image data
75 % # Bt
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Tab.7 Speed-up of CPU parallel programs

g 0 M M
whEs s R s
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i L

2 112.16 10.38 10.8 10.34 10.8
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4 728. 65 70.37 10.4 65.47 11.1
5 1438.16  152.20 9.4 100. 01 14.4
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Fig.4 Speed-up between GPU and serial
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