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CLASSIFICATION BASED ON SUPRORT
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TAN Kun, DU Pei-Jun
(Deparment of Ramote Sensing and Geographical Infomation Science, China U niversity of
M ining and Technology, Xuzhou 221116, China)

Abstract: Some traditional algorithms used for hypergectral ranote sensing image classification have ssme problans such
as lov camputing rate, low accuracy and hard for convergence According to S/M theory, the classification model based on
S/M was constructed By experimentingwith hypergpectral image of 64 bands cgptured by OM IS snor, the classification
accuracy of S/M using different kemnel function was analyzed, and the valuesof C andy were gained by grid researching
The reaults indicate that the radial basis kemel function of S/M has the highest accuracy and it can bewell used for hyper-
ectral ranote snsing mage classification S/M classifier hasmore advantages in the classification in contrastwith radial
basis function neural netvork classifier and M inimum D istance Classifier(MDC).
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Fig 3 Experment process flov chart
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Table1l Classification reaults of different kernel functions
S/M
0 =05
_— 0
K(x ;) =@¢[|X—2X|j c=8 76. 90%
[0
Sigmoid
K(x, ;) = tanh[v(x- x;) +c] 11 65%
(L inea) 66 72%
K(x, %) = xgx o
d=05 66 22%

K(x, x) = [(x x) +1]¢

2 SwW

Table2 Classification confusion-matrix of SYM based on

RBF kernel function

Cl C2 C3 C4 C5

c1 36551 5600 6449 1653 9501 61 08%
c2 5310 23704 1398 1940 1857 69 29%
c3 1410 5725 49852 1474 6515 76 72%
c4 766 1126 50 10131 810 78 64%
cs5 4827 2005 1291 770 81339 90 14%
74 81% 62 12% 84 44% 63 45% 81 25% 76 90%
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Fig 5 Classfication resultsof /M classifier using different kemel functions (a) RBF kernel function (b) Signoid kemel function
(c) polynamial kemel function (d) linearity kemel function
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Fig.6 The classification result based on RBFNN
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Fig.7 The classification result based on MDC
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