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FIGURE 2.1. Hypothetical class-conditional probability density functions show the
probability density of measuring a particular feature value x given the pattern is in
category w;. If x represents the lightness of a fish, the two curves might describe the
difference in lightness of populations of two types of fish. Density functions are normal-
ized, and thus the area under each curve is 1.0. From: Richard O. Duda, Peter E. Hart,
and David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley & Sons,
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- Disregarding x’x (constant), we get a linear discriminant:
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- Decision boundary 1s determined by hyperplanes; setting g;(x) = g(X):

w(x—-x5)=0
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- The clusters have hyperellipsoidal shape and same size (centered at ).
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- If we disregard 0 n27 and 7 In |X;| (constants):
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- Expanding the above expression and disregarding the quadratic term:
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- Decision boundary 1s determined by hyperplanes; setting g;(x) = g,(X):

w(x—x9)=0
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FIGURE 2.14. Arbitrary Gaussian distributions lead to Bayes decision boundaries that
are general hyperquadrics. Conversely, given any hyperquadric, one can find two Gaus-
sian distributions whose Bayes decision boundary is that hyperquadric. These variances
are indicated by the contours of constant probability density. From: Richard O. Duda,
Peter E. Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John
Wiley & Sons, Inc.
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JRE 2.15. Arbitrary three-dimensional Gaussian distributions vield Bayes decision boundaries that are
dimensional hyperquadrics. There are even degenerate cases in which the decision boundary is a line.

1: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John
2y & Sons, Inc.
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P(error) = J P(error,X) dx = JP(error/X) p(X) dx

P - P(w/x) 1if we decide w, 2')
TR P(ay/x) if we decidew, <68IH*EEh>4.)H{B>4n

- Using the inequality:

min[a,b] < a?b'"™P, a,b>0,0<8<1

H*&"2'4) - j min[ p(xlo)P(0), p(x/r)P(@,)]dx <

PP ()P (@) | pP(xlar) p' P (Xary)dlx
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FIGURE 2.18. The Chernoff error bound is never looser than the Bhattacharyya bound.
For this example, the Chernoff bound happens to be at g* = 0.66, and is slightly tighter
than the Bhattacharyya bound (8 = 0.5). From: Richard O. Duda, Peter E. Hart, and
David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 2.18. The Chernoff error bound is never looser than the Bhattacharyya bound.
For this example, the Chernoff bound happens to be at g* = 0.66, and is slightly tighter
than the Bhattacharyya bound (8 = 0.5). From: Richard O. Duda, Peter E. Hart, and
David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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* Suppose p(X/Q) is the conditional
probability function for X

X/Q)p Q2
P/X)=2 . (}2)( )

* The assumption p(X/Q)=[1;=, p(x;/w(i))
might be acceptable.

* The assumptionP (Q)=[];=;P(w(i)) is not
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