31 3 JOURNAL OF NATIONAL UNIVERSI'Y OF DEFENSE TECHNOLOGY Vol. 31 No. 3 2009

:1001- 2486(2009) 03— 0048- 05

R, 2 R THEMBF B

( , 410073)

, RX
KL

, SPIHT

2 ’ ’

:TP751. 1 :A

Compression Technique for Hyperspectral Imagery
Oriented Anomaly Detection

NIAN Yong jian, WANG Zhan, WAN Jiar wei, XIN Qin
( College of Electronic Science and Engineering, National Uriv. of Deferse Techmlogy, Changsha 410073, China)
Abstract: Anomaly detection has been one of the most important applications for hyperspectral imagery. A new lossy compression
method for hyperspectral imagery oriented anomaly detection is proposed. In order to keep the peformance of anomaly detection, the

anomalous vectors detected by the mproved RX algorithm are preprocessed. Furthemore, virtual dimensionality algorithm is introduced
to estimate the Intrinsic Dimensionality (ID) of original data while Kathunen-Loeve transform is used to provide spectral decorrelation. In
addiion, based on the virtual dimensionalty, a new method for the number of principle component determination & presented. The bit
rate of each principle component is distributed by optimal rate allocation strategy for spatial compression by SPIHT algorihm.

Experimental results show that the proposed algorithm provides better compression performance, as well as efficient preservation for

anomalous pixels.
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Fig. 1  Diagram of the proposed algorithm for hyperspectral imagery compression
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Fig. 3 Comparison of compression performance for different algorithms
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Tab.2 Comparison of anomaly detection performance
Cuprite Lunar lake
1 2 3 1 2 3
bpp= 2 92. 4% 89 3% 81. 8% 78 7% 98. 4% 95. 5% 90. 9% 87.9%
bpp= 1 84. 9% 72 7% 63. 6% 60. 6% 96. 9% 93. 9% 89. 3% 86. 4%

bpp= 0.5 80. 3% 57 6% 48. 4% 43. 9% 92 4% 89. 3% 84. 9% 81. 8%
bpp= 0.2 69. 7% 40 9% 33. 3% 27. 2% 86. 4% 75. 8% 69. 7% 65. 2%

bpp= 0.1 51. 5% 22 7% 15. 2% 10. 6% 80. 3% 71. 2% 63. 6% 57. 6%
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