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= Reading
= Nonparametric Estimation
=« DHS Chap. 4.1-4.3

= Nearest Neighbor Estimation, Distance Metrics
=« DHS Chap. 4.4-4.5, 4.6

= Paper: Bayesian Classifier with VQ and Parzen Window

= A. Vailaya, M. Figueiredo, A. Jain, and HJ Zhang, "A Bayesian
Framework for Semantic Classification of Outdoor Vacation
Images," IEEE Trans. Image Processing, Vol. 10, No. 1, pp. 157-
172, Jan. 2001.

= Homework #3, due Oct. 12t 2005
= Midterm Exam

= Oct. 24th 2005 Monday 1pm-2:30pm (90mins)
= Open books/notes, no computer
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Review: Nonparametric Techniques
= General approach: estimate the denslity/ rgjirectly. @

form local region sequence R :  p,(x) = :/

() > p(x)  limV,=0; limk,/n=0 limk, =o

n—o n—o

= Parzen Window

1inq X— X, Superposition of
= p,(x)= —Z— 4 n estimate functions
nizv, h,

ELp, (0] =[&,(x-V)pMdV  ,(x) Sup«vrgﬂ

Vn
= Parallel implementation .
P ) 7 eXD(-(X X, (X=X, 120°) O O O
n = exp(x'x,~1)/ o?) O o 0
= Complexity O O Q
space: O((n+1)d), time: O(nd) OOO
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Application: Bayesian Image Classification

Exclusive classes — iy (Valaiya et al 2001)

no rejections nor overlap
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Bayesian Image Classifiers with Parzen Window

m Features: color/edge histoaram. coherence histoaram

M
Feature independence  fx(@ |w) = fy(y|w) = [[ frw@® |w).
i=1
MAP Classification

@ = d(z) = argmax {p(w | y)} = argmax{fy (y | w) plw)}.
= Probability density estimation through Vector Quantization
VQ: y— ¥, ifD(y,§,)<D(y,¥,).Vi#i, j=1....q
S‘,_: codebook vectors | = Design codebook by distortion
I

minimization (Euclidean or
Multiple samples in a cell Mahala. Dist.)

Voronoi cells and points from VQ

codeword
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VQ density estimation & MDL

(2
Parzen Window: (oD Ly i :
Approximate density with Fro@ |w) ~ VOE(S‘Ci])! Plecewise constant
proportion of sample data 7
in each cell

q -
Fra@® |w) oY ml? + exp(—[ly® - v |P/2). | GMM

j=1

Difference from the standard Parzen Window?

= What happens if codebook size g increases?
= Likelihood increases; Model size increases (overfitting)

= Consider the total data length for describing the data and model
= Minimal Description Length (MDL)

MDL optimization principle g = argmin {L(Y|6,) + L(6;)}

Optimal data length given model L(V|Bp) = —En:log TG, 8)
i=

LO)) = (¢(q)/2)logn
¢(q) = {g + g dim(y¢)}
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Model description length {
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Experiment: Optimal model size

= Edge direction histogram

city landscape combined

= Why the optimal model size increases when combining data sets?

Test

= Edge information important for detecting “city” images

EDH | EDCV | CH | CCV | EDH & | EDH & | EDCV & | EDCV &
Data CH CcCcv CH ccv
Training Set 94.7 | 96.7 | 83.7 | 83.5 94.8 95.4 96.4 96.9
Test Set 92.0 [ 92.7 | 754 | 76.0 92.5 92.8 93.4 93.8
Entire Database | 93.4 94.7 [ 79.6 | 79.8 93.7 94.1 94.9 95.3

= Color information important for discriminating landscape subclasses
EE6887-Chang
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Failure examples

city

landscape
= Key features:

= Reduce the number of estimate functions by VQ
= Reduce memory size and computational cost
= Estimate local density by GMM Parzen Window
= Possible improvements:
= Did not use cross validation to assess performance and choose g
= Add classes; non-hierarchical classes

= Multiple binary classifiers, e.g., “city” vs. “no-city”
EE6887-Chang
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Interesting Issue:

Discovering image classes through sorting task waiya et s
What categories to classify? How to organize?

Human subjects to sort images to groups (unconstrained)

Define pair-wise distance matrix

Perform hierarchical clustering

Cut at different levels to obtain salient concepts

database
(171)

landscapes

natural
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k.-Nearest-Neighbor
pr— ety — - T
k,/n 7N N T 5 S
p00=C e | )| EC R PO - R
Vi AR N N RN

p,(X) = p(x)

lim kn =0 plx)

n—o
A

= Necessary and sufficient conditions for
limk, /n=0

= Example: N\
= Peak of p,(x) often are away from /
sample points.

= For classification, estimate p(x) for
each class o

k. /n
X, 0. ) B
P, (X @) v

j=1
= Use labels of neighbors to est. posteriors
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Error Rate of Nearest Neighbor Classifier

= When k=1, nearest neighbor

c-1
T
P <limP () < P'(2-—P") »
n—w c-1 &/
where ¢ : # of classes, P” : Bayesian Error Prob. J/
Al
P"=[P"(e[ %) p(x)dx V' 4
P'(e]x)=1-maxP(w | X)
I 1
B c-1
= When k>1, two-

category case (c=2)

;7 Compared to

» random guess?
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Deriving the error bound ...

Assume n samples: (x,6)),(X,,6,),...,(x,.6,)

Assume X/ is the nearest neighbor to x Assume i.i.d.
4 X

PIXX) =1- P(0=0,6,=a|x%) =1-Y P(a )P |x)
i=1 i=1
assume p(x;_) peaks at x
lim P, (e[ x)= |imjpn(e| X, %,)p(x;,)dx; = lim [ P, (e] x, X, )5 (x; = x)dx;

:j[l—iP(wi | X)P(e, |x;)}5(x; - x)dx, :1—ZC: P*(w, | X)
i=1 i=1
P=limP,(e) =1im [ P,(e|)p(x)dx = [[1- > P*(a, | x)]p(x)dx
n—oo n—oo i—1
maximized when P(@. | x) are equal except the largest
— P <limP(e) <P’ (2-—>P")
n—>o c-1
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Distance Metrics

= Nearest neighbor rules need distance metrics

= Required properties of a metric h
1. non-negativity: D(a,b) >0 < /‘\/'
2. reflexivity: D(a,b) =0 iffa=b //_,
/

3. symmetry: D(a,b) = D(b,a) X
4. trangular inequality: D(a,b)+ D(b,c) > D(c,a)
D(a,b) > D(c,a)—D(b,c)

useful in indexing

= Minkowski Metric

= Euclidean B d Uk
= Manhattan L (a,b)= (le a-b)
= L =

0

n,+n,-2n, _ (n,—n,)+(n,—ny,)
n+n,—n, n+n,—n,

= Tanimono Metric  D_.  (S,,S,) =
= sets of elements
= Point-point distance not n, 1,

useful @
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