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Abstract; To relieve parameters estimation’ s over-dependence on the prior assumption in finite mixture models, this paper
proposed Legendre orthogonal polynomial image mixture model segmentation. First, designed a non-parametric mixture model
based on Legendre orthogonal polynomials, and then made estimation to the smoothing parameter of each model by MISE. Sec-
ondly, got orthogonal polynomial coefficients and the mixing ratio of the model by EM algorithm. The method overcomes model
mismatch without any assumption to the model. Image segmentation experiments show that the method is more efficient than

other non-parametric mixture model segmentations.
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