5533 3545 3 1) ARSI B =i Vol. 33, No.3
2014 46 J. Infrared Millim. Waves June,2014

NEHS 1001 —9014(2014)03 - 0289 - 08 DOI:10. 3724/SP. J. 1010. 2014. 00289

ETEL&MZTEMRS S AT REMNER
=TI B E R 2

WEHT, AL, BB, RER
(1 T TR IR RO AR S5 20 AT 230037,
2. TR T T T ATE 230037,
3T TREBAURR K AT 230037)

BERBT —METEABEZE B AT & W4 s tid 2 & B G o % 8 k. ARHE £ 40 %k M 4 35 KR 3
MBETATIRZMEHER ARFEUELBEET LN SEARAEFTETE, ZETALTERNE T B
A REAAUELHT &, BERT AT RRMERFFERFFORNAKE, RATHEN P EREMEZHERE. K
TR ENARE AR TS EERBER S e L LT FHT T AL 8. KR XRAZE S XK
ERmErafuE PR ARAKE 2o REEs SRR ARG AABET AT AR ML MG LikE
R B K H T %,

X 8 A:EtEEG AT RZ AL A AR R

HE 5y HE S TPT5] CERARIRAG A

Classification of hyperspectral remote sensing image based on
nonlinear kernel mapping and artificial immune network
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Abstract: A novel classification algorithm of hyperspectral remote sensing image based on nonlinear kernel mapping artifi-
cial immune network was proposed. An artificial immune network model was constructed according to natural immune net-
work theory. The training samples of hyperspectral imagery are projected to high feature space with nonlinear kernel func-
tion, which improved the sorting method based on similarity in kernel space in artificial immune network. The number of
antibodies which are used to recognize training samples is reduced, and the accuracy and efficiency of the algorithm are en-
hanced. To evaluate the advantage of the proposed algorithm, some other kinds of hyperspectral image classification algo-
rithms were compared with it in the experiment using two hyperspectral image data. Experimental results demonstrated that
the proposed algorithm, which acquires higher accuracy and computing speed than traditional hyperspectral image classifica-
tion algorithms, is a new improved classification algorithm of hyperspectral remote sensing image based on artificial immune
network.
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K ia 100% 100%  99.20% 93.81% 98.82%  100%
Wi 98.53% 85.69% 86.61% 94.68% 99.63% 97.80%
i 88.11% 47.18% 92.79% 75.30% 93.97% 98.86%
SEHE 95.55% 77.62% 92.87% 87.93% 97.47% 98.89%
BHEE 95.84% 80.89% 96.00% 87.59% 97.24% 99.44%
Kappa 0.9268 0.6844 0.9293 0.8041 0.9510 0.9896
Time 10.98s 1.61s 3.99s 3.02s 96.54s 21.76s
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Table 5 Comparisons of six classification algorithms for

AVIRIS Hyperspectral images
s SAM CEM SVM SVDD AIN K-AIN
Woods 93.66% 62.91% 99.69% 74.73% 98.15% 97.91%
Hay 82.62% 57.87% 99.80% 46.63% 88.96% 99.80%
Soybean 94.52% 41.74% 83.68% 63.43% 99.17% 99.17%
EHE 90.27% 54.17% 94.39% 61.60% 95.43% 98.96%
SRR 92.00% 54.56% 94.07% 65.76% 96.87% 98.69%
Kappa 0.8812 0.4436 0.9002 0.5761 0.9498 0.9791
Time 1.99s 1.43 s 1.49s 1.41s 22.58s 10.86s
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