HA4E H3M Bk OE TN ok ¥ IR Vol. 44 No.3
201243 A JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY Mar. 2012

SVM 1 RVM X 5 B& o XN BB o

KFA, KB

(M IRIE T KR BT 56 B TRE¥%EE, 150001 B /RIE, zhyuhang88@ hotmail. com)

B OE:AABCEERS R WA A R B AL, AR R A S 7 7 E AT
P8 T AR BORT B9 F 3] 07 R —— R W EAL(SVM) Andl ok i EAL(RVM) 2 & b l R % B 7 7
A HHME EHE AR XBEN LR, ERFKW 5 SVM Atk , RVM A2 A 5 Jin i B2, AN T 00 3K Bt
B B4, B AT A B A LK 48T, RVM B 5k 5 R o0 48 o K F SVML 25 ik, & SUR A Fisher %
M SR 247 (FLDA) R, E 2 XA @ LR BT o ERAE, — T T UBRREELEK B ITEE,
F— 7 W AR MR AN R KR o R, HE T Bk RVM B R K, 4 RVM 5 SVM A 1
ot E G a0k | E B

KB : EoLE E GG R ENL X R EL

hE45ES: TNI11.73 XHEFRERS: A XEHS: 0367 -6234(2012)03 - 0034 - 06

Potential analysis between SVM and RVM for hyperspectral
imagery classification

ZHANG Yu-hang, ZHANG Ye

(School of Electronics and Information Engineering, Harbin Institute of Technology, 150001 Harbin, China,

zhyuhang88 @ hotmail. com)

Abstract: To deal with the problems of limited samples, high dimension and non-linear in hyperspectral im-
agery classification, two new techniques, support vector machine (SVM) and relevance vector machine
(RVM) , are researched in this paper. Similarities and differences are compared and analyzed between SVM
and RVM in hyperspectral imagery classification theoretically and experimentally. By simulations and experi-
ments on classification accuracy, computational cost and sparsity, the results show that RVM model is sparser
compared with SVM, which makes its test time much shorter, and thus more suitable for online testing of large
amount of hyperspectral data. However, the main drawback of RVM is that its classification accuracy is slight-
ly lower than that of SVM. To improve this performance, Fisher linear discriminant analysis ( FLDA) is uti-
lized before classification as a pre-processing to make transformation of hyperspectral data. In this way, not
only the dimension of image is reduced, but also the classification accuracy of RVM is improved, especially in
small land-cover patches, which makes the application of RVM more widely.
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