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Homography estimation based on a normalized elliptical weight
Levenberg —Marqardt algorithm

MAO Lulu ZHU Hai]iang*

(College of Information Science & Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract; Homography estimation is a hot topic in the field of computer vision. In this paper, a normalized ellipti-
cal weight Levenberg —Marqardt (EW L-M) algorithm is proposed as a way to solve the homography optimal prob-
lem when the feature’s location error has an anisotropic Gaussian distribution. By adding elliptical weights to the ob-
jective function, the algorithm can avoid losing the advantages of Euclidean distances when using Mahalanobis dis-
tances. Experiment results with simulated and real images show that the EW L—M algorithm can estimate a homog-
raphy matrix with greater accuracy in fewer iterations and displayed strong robustness for different levels of error.

Key words: homography estimation; normalized elliptical weight; anisotropic Gaussian distribution; Levenberg —

Margardt (L-M) algorithm
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