0% HoH MmeEFESITEN Vol. 30 No. 2
201342 R MICROELECTRONICS & COMPUTER February 2013

SVR 7 & iF B &R 0T & & X3 505 T #y z F

wOELFERLL,RERD, KMOE
(1 MR TR PP TU% 7100255 2 VBB BAEIT3E0A ARa2 1] 361000)

B OE. AN TIAAEGCREs Y S REEEHRTREERSYFEA,RBET A X FXFWEEE (sup-
port vector regression, SVR) W1iE ICE & Bl B ik, H kA O /0 I B & 2T 8y 24 b 4% K 2471 SVR 81 4
HAGETSVRETEEER, A TERAANEFREBEGRERFRE KA E TR AT ERMKE, ZRE
TSN ERERE AXER TRERANHZ EHRETARHRR SHALMF - SRR,
B ETREAEACEYIRTARRD R LR, LA RGN EHE.

X aAEE T U EGRIECR, SRHEET;HRERTR

RESFES: TP391 SCHRARIRAD: A XEHE: 1000—7180(2013)02—0038—04

Rejecting Mismatches of IR/Visual Image by
Support Vector Regression

ZHANG Jiao', LI Jun-shan', ZHU Ying-hong® ', ZHU Qiu-Xu'

(1 The Second Artillery Engineering College, Xi'an 710025, China;
2 Xiamen Regiment, Fujian Division of the Chinese People’s Armed Police Force, Xiamen 361000, China)

Abstract: To resolve the problem of low correct matching rate in IR/visual image matching, an improved approach to
reject mismatches based on support vector regression (SVR) is proposed. Supposing that the pairs of control points
were known, the method applied SVR to estimate the point correspondence function; then based on the function to
judge whether matches are right or not. Experiment results indicate that the proposed method is a feasible approach

for rejecting mismatches, Compared with RANSAC, it can improve correct matching rate under the condition of

remaining the original right matching.
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