Lecture 3

Bayes Classifiers

Minimum Distance Classifier
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* |t can be shown that it is equivalent to selecting a
class that can maximize the following decision
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function:
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Optimal Bayes Classifier

Derivation of the Bayes Classifier
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Similarly,
ri(x) = p(x) — p(xlc)P(c;)

Decision Rule

* classifier assigns an unknown pattern x to
class ¢; if
r(x) <rnx)forj=1,2,..,N;j#Li

p(x) — p(x|c)P(c;) < p(x) — p(x|c;)P(c;),
or equivalently

p(xlc)P(c;) > p(x|c;)P(c)




