E3BE HE24M it B NI #E 2009 £ 12 A

Vol.35 No.24 Computer Engineering December 2009
* ATERERIRAIHA - XEHS: 1000—3428(2009)24—0179—03  TRAAFIRED: A hESEKS, TP2426

LS-SVM

( 150001)

(LS-SVM)
LS-SVM
BP LS-SVM LS-SVM
BP

Camera Calibration Based on Divided Region LS-SVM

LIU Sheng, FU Hui-xuan, WANG Yu-chao
(College of Automatization, Harbin Engineering University, Harbin 150001)

Abstract By using Least Squares Support Vector Machines(LS-SVM), it need not consider internal and external parameters to achieve the camera
calibration. Because the lens distortion is mostly caused by radial distortion, according to the camera distortion characteristic, it divides the distortion
region. A new method of camera calibration based on divided region LS-SVM is proposed, and the distortion of different regions deals with
separately. The comparison with other methods including BP Neural Network(BPNN) and LS-SVM shows that the calibration accuracy is improved
by using the divided LS-SVM method, and the speed is higher.
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