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Preprocessing

Feature extraction

l )

/N

*salmon® "sea bass®

FIGURE 1.1. The objects to be classified are first sensed by a transducer (camera),
whose signals are preprocessed. Next the features are extracted and finally the clas-
sification is emitted, here either “salmon” or “sea bass.” Although the information flow
is often chosen to be from the source to the classifier, some systems employ information
flow in which earlier levels of processing can be altered based on the tentative or pre-
liminary response in later levels (gray arrows). Yet others combine two or more stages
into a unified step, such as simultaneous segmentation and feature extraction. From:
Richard O. Duda, Peter E. Han, and David G. Stork, Pattern Classification. Copyright
© 2001 by John Wiley & Sons, Inc.
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FIGURE 1.2. Histograms for the length feature for the two categories. No single thresh-
old value of the length will serve to unambiguously discriminate between the two cat-
egories; using length alone, we will have some errors. The value marked /* will lead to
the smallest number of errors, on average. From: Richard O. Duda, Peter E. Hart, and
David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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sea bass

14t salmon

FIGURE 1.3. Histograms for the lightness feature for the two categories. No single
threshold value x* (decision boundary) will serve to unambiguously discriminate be-
tween the two categories; using lightness alone, we will have some errors. The value x*
marked will lead to the smallest number of errors, on average. From: Richard O. Duda,
Peter E. Han, and David C. Stork, Partern Classification. Copyright © 2001 by John
Wiley & Sons, Inc.
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FIGURE 1.4. The two features of lightness and width for sea bass and salmon. The dark
line could serve as a decision boundary of our classifier. Overall classification error on
the data shown is lower than if we use only one feature as in Fig. 1.3, but there will
still be some errors. From: Richard O. Duda, Peter E. Hart, and David C. Stork, Pattern
Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 1.5. Overly complex models for the fish will lead to decision boundaries that
are complicated. While such a decision may lead to perfect classification of our training
samples, it would lead to poor performance on future patterns. The novel test point
marked ? is evidently most likely a salmon, whereas the complex decision boundary
shown leads it to be classified as a sea bass. 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 1.6. The decision boundary shown might represent the optimal tradeoff be-
tween performance on the training set and simplicity of classifier, thereby giving the
highest accuracy on new patterns. From: Richard O. Duda, Peter E. Hart, and David C.
Stork, Pattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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* w: KEBZRIZER (F7REEZTIW)
i) w = w; AXF (sea bass), w = wy ¥4 (salmon)
o FHHHER (prior, a priori probability): ZIREER LD HVWRE LR TVRIET 2 bbb
NDOHERTHIEK
f51)
P(wi): KICEIHIT 2 A A X ¥ TH 2R
P(w2): BRI 5 fah39 7 TdH SR
ZMFSIHESR (class-conditional probability) : (3E#t) HERZE x ITOWT, KEN w TH S
L7t 2D x OMEREERIE
) p(x|w)



NA ZPREH

pix|w,)
04

Wy

03

02

1
/ x

9 10 n 12 13 4 15

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 ;. 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,
Inc.
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o HIRMER (posterior): x IZDWTH S H x DB iz L TORIREBOMER
i) P(w|x)

* JLFE (likelihood): HEEZEHMIHZETH 2L TDREOLE (o dH LX)
) p(x|w)

o N4 XDEM

P(w|x) = 'D(Xt&,;(w)

p(x) =Y p(x|w)P(w)



b

iﬁ}jﬂ

[T

o HhAHTHBNEAFET I =20 M1, M2, M3 2% 32 3%

o RAEFEHDIH 20%I1F MLIZE D, 30%IE M212 KD, 50%IE M3 ICXhEEINS L
ERA

o XBIZ, FNEFNMLIZ 1%, M2 1% 2%, M3 X 3%DEETARMEZAEETI DL TS
e HIHDS b —OREMELEIZINOHELEZLZA, FRMTHoT-ETS
o THNIFYOMMICIDEEINI DN, ZREFNOMERERD &



o HAIHER

o GEATER

(7272 L F 3R RHODIREE)
o RAZDEHEEHWT

RO W

P(M1) =0.2
P(M2) = 0.3
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P(F|M1) = 0.01
P(F|M2) = 0.02
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import

mlfrac

m2frac =
m3frac =

midef =

m2def
m3def

numprod

# mil,
ml =
11 =
m2 =
12
m3 =
13 =

m
np

np.

np

= np.

np

np.

numpy as np

O
02
03

10000. # total number of products

2, m3: 0- flawless, 1- defective
.random.rand (int (numprod * mifrac)) < midef
ones (int (numprod * mifrac), dtype=int)
.random.rand (int (numprod * m2frac)) < m2def
ones (int (numprod * m2frac), dtype=int) * 2
.random.rand (int (numprod * m3frac)) < m3def
ones (int (numprod * m3frac), dtype=int) * 3

0.
0.
0.

T

: Python



m = np.r_[ml, m2, m3]

1 = np.r_[11, 12, 13]

print ("defective rate: %g’ % (float(sum(m)) / len(m)))
numtrial = 10000

count = np.zeros(3)

numdef = 0

for i in range(numtrial):
k = int(np.floor(np.random.rand() * len(m)))
if m[k]:
numdef += 1
count [1[k] - 1] += 1
for i in range(3):

print (’prob. drawn from M/d: %g’ % (i + 1, count[i] / numdef))
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1% Matlab

N

mifrac=0.2; m2frac=0.3; m3frac=0.5;
mldef=0.01; m2def=0.02; m3def=0.03;
numprod=100000; % total number of products
% ml, m2, m3: O- flawless, 1- defective
mi=rand (numprod*mifrac,1)<mldef;

l1=ones (numprod*mifrac,1);

m2=rand (numprod*m2frac, 1) <m2def ;

12=ones (numprod*m2frac, 1) *2;

m3=rand (numprod*m3frac, 1) <m3def ;

13=ones (numprod*m3frac, 1) *3;

m=[ml;m2;m3]; 1=[11;12;13];

fprintf (’defective rate: %g\n’,sum(m)/length(m));



numtrial=1000;
count=zeros(3,1);
numdef=0;
for i=1:numtrial
k=ceil (rand(1)*length(m));
if m(k)
numdef=numdef+1;
count (1(k))=count (1(k))+1;
end
end
for i=1:3

‘4

N

1% Matlab

fprintf (’prob. drawn from M/d: %g\n’, i, count(i)/numdef);

end



7% Scilab

mifrac=0.2; m2frac=0.3; m3frac=0.5;
mldef=0.01; m2def=0.02; m3def=0.03;
numprod=100000; // total number of products
// m?: 0 - flawless, 1 - defective

mi=rand (numprod*mifrac,1)<mldef;

l1=ones (numprod*mifrac,1);

m2=rand (numprod*m2frac, 1) <m2def ;

12=ones (numprod*m2frac, 1) *2;

m3=rand (numprod*m3frac, 1) <m3def ;

13=ones (numprod*m3frac, 1) *3;

m=[ml;m2;m3]; 1=[11;12;13];
printf(’defective rate: Y%g\n’, sum(m)/length(m));



7% Scilab

numtrial=1000;
count=zeros(3,1);
numdef=0;
for i=1:numtrial
k=ceil (rand(1)*length(m));
if m(k)
numdef=numdef+1;
count (1(k))=count (1(k))+1;
end
end
for i=1:3
printf (’prob. drawn from M%d: %g\n’, i, count(i)/numdef);
end
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FIGURE 2.2. Posterior probabilities for the particular priors P(@) = 2/3 and P(w,)
= 1/3 for the class-conditional probability densities shown in Fig. 2.1. Thus in this
case, given that a pattern is measured to have feature value x = 14, the probability it is
in category w, is roughly 0.08, and that it is in w; is 0.92. At every x, the posteriors sum
to 1.0. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification.
Copyright © 2001 by John Wiley & Sons, Inc.
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bayes2.py

import numpy as np
import matplotlib.pyplot as plt

ml = 2.
sl = 1. # mean and std for model 1
m2 = 4.
s2 = 1. # mean and std for model 2

prl = 0.3 # prior for model 1
pr2 = 0.7 # prior for model 2

condl = lambda x : 1/np.sqrt(2. * np.pi * si%x2.) \
* np.exp(—(x - m1)*%2./(2. * sl1*x2.))
cond2 = lambda x : 1/np.sqrt(2. * np.pi * s2%x2.) \

* np.exp(—(x - m2)*%2./(2. * s2%x2.))



plt
plt
plt

plt.

all
pol
po2

plt
plt
plt
plt

bayes2.py

np.linspace(0, 10)

.figure()
.plot(x, condl(x), ’-’, label="condl")
.plot(x, cond2(x), ’x-’, label="cond2")

legend ()

lambda x : condl(x) * prl + cond2(x) * pr2
lambda x : condl(x) * prl / all(x)
lambda x : cond2(x) * pr2 / all(x)

.figure()
.plot(x, pol(x), ’-’, label=’postl’)
.plot(x, po2(x), ’x-’, label=’post2’)
.legend ()
plt.

show ()



bayes2.m

ml=2; s1=1; % mean and std for model 1

m2=4; s2=1; % mean and std for model 2

pr1=0.3; % prior for model 1

pr2=0.7; % prior for model 2

cond1=0(x) 1/sqrt(2*pi*s1~2) * exp(-(x-m1)~2/(2%s172));
cond2=0(x) 1/sqrt(2*pi*s272) * exp(-(x-m2)°2/(2%s2°2));
x=0:0.1:10;

figure
plot(x,arrayfun(condl,x),’-’,x,arrayfun(cond2,x),’x-’);
legend(’condl’,’cond2’) ;

all=0(x) condl(x)*pri+cond2(x)*pr2;

pol=@(x) condl(x)*prl./all(x);

po2=@(x) cond2(x)*pr2./all(x);

figure
plot(x,arrayfun(pol,x),’-’,x,arrayfun(po2,x),’x-’);
legend(’postl’,’post2’);



bayes2.sci

mi1=2; sl1=1; // mean and std for model 1

m2=4; s2=1; // mean and std for model 2

pr1=0.3; //prior for model 1

pr2=0.7; // prior for model 2

deff (’y=condl1(x)’, ’y=1/sqrt(2*%pi*s1”2) * exp(-(x-m1)."2/(2xs172))’);
deff (’y=cond2(x)’, ’y=1/sqrt(2x%pi*s272) * exp(-(x-m2).72/(2%xs272))’);
x=0:0.1:10;

figure

plot(x,condl(x),’-’,x,cond2(x),’x-");

legend(’condl’,’cond2’) ;

deff (’y=all(x)’, ’y=condl(x)*pri+cond2(x)*pr2’);

deff (’y=pol(x)’, ’y=condl(x)*prl./all(x)’);

deff (’y=po2(x)’, ’y=cond2(x)*pr2./all(x)’);

figure

plot(x,pol(x),’-’,x,po2(x),’x~");

legend(’postl’,’post2’);
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P(error|x) = P(wi|x) (w2 &TE L7z IKF)

P(error|x) = P(wa|x) (w1 &RE L 7zKF)

NA ZRER T,

P(wi|x) > P(wa|x) DI wy. ZHLIANDEF w,

P(error|x) = min(P(w1|x), P(w2|x))
NARXDKTEMT 2 &

p(x|w1)P(w1) > p(x|w2)P(wz) DI wi. ZHLIL DT wy
NA XD R RN XRER 25 72D E{P(error|x)}
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UAZ: R(ailx) = 32 Mailw;) P(wjlx)

R(ailx) = Aailw1) P(wi|x) + Aailwz) P(w2|x)
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R(a1|x) = A1 P(w1]x) + A12P(wa|x)
R(az|x) = A21 P(wi|x) 4+ A2 P(walx)
wi: BROENEF/aTh?

Wy BF/ATHS

oyt BR3?

an t BN

A2 > Ao
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