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2 OM IS
Tablep The classification accuracy and sPeed of the

OM IS mage pased on differentmethods

% /8
10. 2 0.23
1. 41 0. 35
4 61 0. 47
OAR-SYM o2=10, =10 0. 26 2266
OAO-SYM o2= 10, C=10° 0. 64 8. 87
OARKFDA o2=10¢, C=10 0. 64 5. 45
OAOXKFDA 62=10% C=10 0. 38 185
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Table3 The training samplesof the AVIRIS image
1 scrub 761
2 Willow 243
3 CP Hamock 256
4 CP/O ak 252
5 Slash Pine 161
6  Oak/Bmadleaf 229
7 Hardwood swamp 105
8  Granjnod marsh 431
9 Spartinam arsh 520
10 Cattaj]Marsh 404
11 Sa]tmarsh 419
12 Mud flats 503
13 water 927
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Fi€ 5 'The distributon of traning samples
n he AVIRIS image
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Fig¢ The chssification result of the AVIRIS
inage based on OAR-RBEKFDA
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4 AVRIS
Tableg4 The classification accuracy and sPeed of
the AVIRIS mage hbased on differentmethods

%
32.3 0.16
24. 82 0. 35
59.3 0. 55
OAR-S/M 62=2x10", C=10° 1897 4259
OAO-S'M o2=2x 10, G=10° 20. 63 19. 62
OARKFDA  52=7 5x 105 C=120 19. 23 11. 67
OAO-KFDA 62=4X 10¢, C=10f 21.2 223
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HYperspectra] Ranote Sensmng Jm age (C Jassificaton
Based on Kerne| Fisher D iscrin mant Anaysis

YANG Guopeng YU Xuchu CHENWei LIUWei
( hstiute of Suveyirg and Mappng nfomaton Engneering University Henan Zhengzhou 450052 Ching)

Ab stract The hyperectra] ranote sensing technology which appeared early n 1980 s canhines the radiation
mfomation which reats t0 the tamgets’ attributf: and the spPace infomation which relates t© he tagets’ positon and
shapv; compPletiig the nformaton contpuum of optics RS mage fran panchramatc image to hyPerectra] via multy
spectra] jmage The sPectum in{omatiog which 1s rch m the hyPerspectra] tnag; canpared wity Panchromatc remote
sensing mage and multiPectra] remote sensing mage can he used © chssify the gound @rget better  Jt has hecane an
mportant techniue of map cartography vegetatpn 'nvestigatiop ocean remote sensilg agrcujture ranote sensing
amosphere Iesearcb environmentmon;jtoring and miljary infomation acquiring

As SupportVectOrMachine( SW) was apPled tomachihe leamng fields successfu]ly in recent Yea1§ the chssic
linear patem analysis algoritims which was called the 3 rd revolution of patem analysis a}gorit}m§ can cope with the
nonlinear Proplan  Some references apPled the keme] methads o linear Fisher D iscrin inantAna]YsiS( FDA)7 and pPut
foward Keme] Fisher D scrin inant Analysis ( KEDA),

Firstl’y his paper introduced the chssification method based on he keme] fisher discrininant analysig  For the
binary problea’q the ain of FDA is 0 find out the |inear projection( projection axey on whih the ntra class scatter
matrices of the ramng samples are maxjn zed and scattermatrices of nter class aremninizd For KFDA’ the mputted
data ;smapped nto a high dinensiona] fature space hy a nonl'nearmapping while linear FDA in the feature space wil]
be performed

Second]y we researched on he selectpnmethods of he keme] function and its Parame er and studied on he mu|ty
classes classificat‘pnme&lod,s and then applied han to hyperspectra] ranote sensing classification W e use decanposition
methods ofmulticlass classifer and method of Parameter sefection using cross validatng 8rid search © buid an effctive
and mpustKFDA classifier

F'na]ly we carred out the hyPerec tra] inage classification experments hased on KFDA and same other canparatjve
experinents Samne concluspns can he drew as {o]pws

Using the kerne[mapping  the KFDA experinent on PHI and AV RIS image danonstrates that the KEDA © ks
affected by the dimensijon of mput semplse and can avoid theHHughes Phenamena e ffectjvely The results show that it has
more canparaple classification accuracy han support vectormachmne c pssifier

There is no need © canpute the canplicated quadratic optiniizing€ Proplan n trapnng KFDA classifer as SVM
c assifier doe§ so this algorim is not very canplicated and coss less tine EsPeca]ly n he one agamnstrest
deccmpositiog camparing with the S\/M KIDA ismuch faster

The capability of KEDA classifer is affced a lot by keme] functpn and its Parmeters and a fine recognition
Precision can only pe optained when the keme] functon’s paraneters are appropriate  The stability of classification can he
effectivey improved by Paraneter selection via c1oss va Jidate 8rid search meH0d

Key word§ hyperspectra| rmote sensng classificatiogl Keme]| FiherD scrin mant Ana b’si§ keme] functon



