Food sorting

Example: Raw Peanuts with stones,
sticks, corn, colored glass and in-shell




Product conveying systems
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Bi-chromatic photocell system
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SYSTEM
COLOUR

FILTER 1

PHOTO- \ O
CELL 2 ] PASSIVE or ACTIVE
«
a \ COLOUR REFERENCE
|:| \ BACKGROUND

COLOUR _/' \_ COLOUR -

FILTER 2 SPLITTER

REJECTS
PRODUCTFLOW Q\ S

0000, 0000,

ELEXSO

trichromat




Feature space

The electronic schematic for the classifier of the early machines is simple:

Gain-adjust

Red photocell \
- . Y-Axes
signals Amplifier /

Null-adjust

Cathode Ray Tube

Gain-adjust

Green photocell
X-Axes

signals Amplifier

Null-adjust
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Classifier

Example:

Lot of red, lot of green
(towards white)

Good product

Lot of green, no red

No Red, no green,
towards black.

ELEXSO

trichromat




Classifier

By positioning a photocell opposite to the Cathode Ray Tube the classifier is almost
ready. The only thing the operator has to do is to place a piece of cardboard between
the CRT and the photocell. By shaping the cardboard the product signals appearing
on the CRT can be classified into good or bad.

This part is seen by
the photocell so
classified as bad

Piece of
Cardboard
CRT
High sensitivity
— because of cut near to
also sorted
Large Photocell out

ELEXSO

trichromat

DTU




Classifier

Example of today’s modern classifier

ELEXSO0O TRICHROMAT
(c) 19946 ELEXS0 Sortiertechmik GmbH, Hamburg, Germany version
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Pattern recognition

Statistical learning
Machine learning
Classification
Discriminant analysis
Neural networks
Statistical decision theory
Artificial intelligence




What do we want to
classify/recognize in images?

* Pixels
* Objects or regions
 Entire images
« A combination of the above
E.Q.
— Remote sensing

— Textile fibres
— Blod sample




Features

P features describing an observation
( Xl\

X

\Xp/
are called a feature vector or input vector.

The set of all possible feature vectors R " is
called the feature space.




Classifier

Maps a feature vector into one of k classes
X——>7m €{m,, 7T, T }

The classifier performs a partitioning of the feature

space into k disjoint regions R, R,,..., R _such that

7, if xeR

c(x) =< :

7T, if XeR,

k
where U R =RP
=1




Pattern recognition framework

Test data Feature vector Class

>[ Feature Generator}:>[ Classifier }j>

>[ Feature Extractor }:>[ Classifier trainer }

Training data Feature vector

Class membership Class




|_oss function

In general
Predicted class
1 2 k doubt
0 1 0 L(1,2) L(L,k) = L(1,D)
s 2 L(2,1) 0 L(2k) = L@D)
Q
- k Lk1) @ LK.2) 0 L(k,D)
Equal losses
Predicted class
1 2 k doubt
0 1 0 1 1 d
s 2 1 0 1 d
Q
0
= K 1 1 0 d




Class-conditional distributions

f(x|7,) i=1,...k

Example:

Dark objects on a
bright background

7, Objects

7, Background




Prior probabilities

g(ﬂ'i): P 1=1,...k

Expectations prior to observing the actual image.

Example:

We expect the objects in an image to cover 30%
of the image area i.e.

p,=0.30 and p, =0.70




Posterior distribution

k(ﬂ'i |X) =— f (Xlﬂ.i)g(ﬂ'i)

> f(x|7,)g(r,)

K (7, [X)

k(7 %)

1=1,...,K

Example:

Dark objects on a
bright background

7, Objects
7, Background DTU




Bayes classifier

The expected loss when assigning the observation X to
class 77, Is

E{LGD}=  L(0i)-K(z; %) =1,k

A Bayes classifier minimizes the expected loss
- K - .
¢(x) = arg min ijl L(j,i)-k(r;|x)




Bayes discriminant function

The expected loss can be translated into a
discriminant function by negation and by removing
the part that does not depend on I.

S () =-y L(j,i)- F(x|7)-p; i=1,.k

A Bayes classifier minimizes the expected loss

c(x) =arg e S. (X)




Bayes classifier
Special case 1: Two-class problems

R, =tx| T(X|7,)- py - L(L2) = T(X]|7;)- p, - L(2.1)}

f(x|m) _ p,-L(2Y)
f(x|z,)  p-LEL2)

:<X| >




Bayes classifier
Special case 2: Equal losses

c(x) =argmax f (x| z;)- p




Plug-in Bayes classifier

When we don’t know the class-conditional
distributions or prior distribution we can estimate

them from training data and plug the estimates in as
If they were the true distributions.

c(x) =arg min ZL L(j,i)-k(z, |X)
where

Cor %) = KIm)(m)

K

Ef (x| 7,)§(7,)




Gaussian distribution

In 1 dimension

f(xlﬂi):éa exp( 2; )J

In p dimensions

1 1 L
i) == Ziexp[—z(x—ui) )|

DTU




1D Gaussian

N (i, %)

f (x| ,) € N(0.25,0.05%)

f (x| 7,) f(x|7,) e N(0.60,0.10°)

| ! —
0.6 0.7 0.8 0.9 1
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Plug-in Bayes classifier

Given observations from two Gaussian populations
X Xosees Xy from 7T,
Y,Y2:::0 Y0,  from 7T,

we can estimate the parameters as

ZX ii:(xi _ﬁl)(xi _li1)T

1|—1 nl_
1 & . )
Zyu 2~ Z(yi —1,)(Yi —R1y)
2 i=1 nz_lizl
Va N 1 /A Vo N
2= n-1)x +(n, -1)X
i oa (DR, -DE)



Common covariance

f(x|m) >C =
f(x|z,)

1 ) 1 )
—E(X—ul)TE 1(><—1ul)+§(><—1uz)TE "(x—p,)>logc=
1 1

X'E (=) SR T DR, Ty —log e 20

._L@Dp,
L(1L2)P,

where




Example

Consider a classification problem with 2 features and
2 classes. The class-conditional distributions are:

st (FJen((G)(; 2
S ()

We assume equal losses and equal priors.

We wish to compute the classification rule.










Solution

The discriminant function is

] 1 o4 1 1o
X'Z S —py) =S E R+, I, —log e 20
where C= H(21)-p; =1=logc=0
L(1’2)p1

Some computations:
11 L (2 -1 L (2 -1y4-1) (5
g IR Y BTN G b N Y
1 v 1 g 1 2 -1Y4) 1 2 -1y
R K L HEE N

The discriminant function 1s now
d(X)=5-%x—-2x,-9.5







Example 10.1

Consider a classification problem with 2 features and
3 classes. The class-conditional distributions are:

cwsr:(2)en((3)003)
cusz (*)en((2 )
cwss [2)en 233

We assume equal losses and equal priors.
We wish to compute the classification rule.







Not common covariance

fodz) |
f(x|z,) "

R
X, |

1 - 1 -
~ 5 (X=)TE T () + 2 (X =) R, (X ,) 2 log(c

._L@Dp,
L(1L2)P,

where




Example 10.2

Consider a classification problem with 2 features and
3 classes. The class-conditional distributions are:

st (FJen((G)(; 2
sz (1 Jen(3)(o )
cuss: 2)n((G)( )

We assume equal losses and equal priors.
We wish to compute the classification rule.







Exercise

Consider a classification problem with 2 features and
2 classes. The class-conditional distributions are:

st (2Jer((G)(%5 3
sz ()G 3

The prior probabilities are 0.8 and 0.2 and the loss

funCtlon IS Predicted class
1 2
0 1
True class 5 3 0

What is the discriminant function d ’choose class 1 if
d(x)=>0" ?




Solution

The discriminant function is

] 1 o4 1 1o

X'Z S —my) =S E R+, IO, —log e 20
L(2]) p; 3-0.2

L(12)-p, 1.0.8

Some computations:

05 0 4 (20 B (2 0)1-0) ( 2
5 3o ) = oo o)

1t 1 104 1 2 0)1) 1 (2 0Y)0) 1
——n, X +—n, X =——@1 O +—=(0 2 =——
5 1y 1y 5 ) ) 5 ( )(0 1/3)(0) 5 ( )\O 3 2 3

The discriminant function is now

40 =2-% 2% 1402877 =2-x —2x,-00457 W
3 3 3

where c=

=0.75=log c =-0.2877




Petri dishes




Binary classification

Predicted class
Good (negative) Bad (positive)

Good (negative) nn np

True class Bad (positive) pn pp

* Nn — true negatives
* pp — true positives
* np — false positives, false alarms

» pn — false negatives, escapes




Binary classification

* Sensitivity
PP
PP+ pn

Sensitivity =

*Specificity

Specificity = —

nn-+np

Positive predictive value

ppy = PP
pp +Np

*Negative predictive value

nn
nn-+ pn

NPV =




