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Tab.1 Algorithm complexity of four kinds of implementation strategies
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CUDA+ O((2np/ C+ank/m)-t) O((n+k)-p)
CUDA-+MMF OQnp/! D+ (2np/ C+ank/m)-t) O(B+k)-p) B<xn
CUDA+ O((2np/ D+ 2np/C+ank/m)-t) O(B+k)-p) B<xn
, ““CUDA+MMF ~~ : CPU(Intel Core 2
““CUDA+ i Duo Processor E6550, 4M Cache, 2.33 GHz);
B n, k , (NVIDIA GeForce GTX 650 Ti, 768 , GPU
324MHz, 162MHz, 1.0GB);
2.0GB : Windows
3 9; «%} —5 é})fﬁ XP; CUDA 5.0; Visual Studio
2010; C++
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137MB, ,
; 1 [18]
( 09999 |,
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) (6 000x6 000 )
K-Means s
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1 SPOT-5 ’ K-Means
Fig. 1 The SPOT-5 multi-spectral remote sensing image of )

Guangzhou Leizhou Bay

F 2 K-Means 32254 M0 STIH SR BE B 1T BT 18] (ms)

Tab.2 Execution time of four kinds of implementation strategies for K-Means clustering algorithm (ms)

(600x600 ) (6000%6000 )
CPU+ CUDA+ CUDA+MMF CUDA+ CUDA+MMF CUDA+
1 8 8 698 421 323 30992 31615 747 595
2 24 26 184 1152 854 87 108 87249 2137 526
3 11 12 563 593 392 44 124 44 961 979 234
4 13 14 281 687 463 46 852 47 863 1157276
5 9 10 750 520 350 33568 34159 803 184
6 21 22 837 1031 754 71 854 73 472 2056384
7 22 23 939 1034 812 75 628 76 912 2252206
8 33 35881 1652 1134 114 345 116 883 3 084 543
9 16 17 402 797 560 62 984 63 416 1851616
10 30 31058 1391 1078 101 220 103 530 3674 140
11 7 7589 361 298 28 618 29275 778 928
12 26 28210 1264 934 91 724 92 726 2777 424
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Fig. 2 The time of single iteration ofK-Means clustering algorithm in a variety of strategies
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A fast processing method for high-resolution remote sensing
image based on GPU and memory mapping file
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China)
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Abstract: High-resolution remote sensing image processing programs often encounter the problems of lengthy execu-
tion time and insufficient memory space because of the limitations of computer processor frequency and memory ca-
pacity. Parallel computing can enhance remote sensing image processing speed, but is unable to reduce the require-
ments for memory space. In this paper, we present an approach to simultaneously optimize the time and space effi-
ciencies for image processing programs. This has been previously implemented for the K-Means algorithm. CUDA
can effectively take advantage of GPU powerful parallel computing capabilities, and memory mapping file can offset
the impact of a slow disk 1/O performance on algorithms. Experimental results show that our method is about 30 times

faster than the traditional K-Means clustering algorithm, and the memory usage decreased by more than 90%.
(R %4 B k)
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