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Abstract

In this paper, we observe that the design of optimal weighted order statistic(WOS)
filters minimizing the mean absolute error criterion can be thought of as a two-class
linear classification problem. Based on this observation, the perceptron algorithm is
applied to design WOS filters. It is shown, through experiments, that the perceptron
algorithm can find optimal or near optimal WOS filters in practical situations.
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Fig. 3. Images for Pe=0.05. (a) Noisy
image. (b) Median filtered image.
(c) Designed WoS filtered image.
(d) Optimal stack filtered image.
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