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EE 6885 Statistical Pattern 
Recognition

Fall 2005
Prof. Shih-Fu Chang

http://www.ee.columbia.edu/~sfchang

Lecture 3 (9/14/05)
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Reading
Bayesian Decision Theory

Textbook DHS Chapter 2.5 – 2.6

Homework #1 due 2005-09-21, Wed
TA office hours

Tuesdays 9:20-10:50am, CEPSR Rm 712
Basic Matlab sample code (course web site)
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Minimal Risk Decision Rule
Decide ω1, if R(α1 | x) < R(α2 | x) 

i.e. Decide ω1, 

If λ12 = λ21 = 1, λ11 = λ22 = 0 , i.e., loss = ‘classification error’

Max A Posterioi (MAP) classifier

If P(ω1) = P(ω2) ,

ML classifier 

(Likelihood Ratio)
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Discriminant Function and Decision Regions

Decide ω1, if
E.g., minimal risk classifier

Decision Region, Ri

Two-Category case
Decide ω1, if
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Gaussian Distribution
Gaussian distribution

Given the same mean and 
variance, Gaussian has the 
max entropy
Sum of a large number of 
small, independent random 
variables approaches 
Gaussian
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Multi-variate Gaussian
Multivariate Gaussian, 
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Effect of Linear Transformation
Linear transformation of Gaussian

Whitening transform
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Mahalanobis Distance
Mahalanobis dist in 1-D

Multi-
Dimensional 
case

Mahalanobis distance from  to 
       /  

Pr[ ] Pr[ 1] 0.68

Pr[ 2 ] Pr[ 2] 0.95

Pr[ 3 ] Pr[ 3] 0.997
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Malalanobis distance 
from point x to 
the mean of
a Gaussian

x

u
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Discriminant Function for Gaussians
If consider classification error as “loss”

For Gaussian
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Case I
Statistical indep. features
circles of same size
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Decision Boundaries
Decision boundary between class i and j
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Case 2
Hyperellipsoidal shapes of equal size and shape

iΣ = Σ
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Case 2 decision boundaries
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Case 3
Discriminant functions are quadratic

The decision surfaces are hyperquadratic. 
The geometry form can be

Hyperplane, pairs of hyperplanes, hypersphere, hyperellipsoid, 
hyperparaboloids, hyperhyperboloids
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