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1. Introduction

2. Features

3. Classification
a) Methods
b) Prototype selection
c) Distance selection

d) Non parametric classification

4. Clustering
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Introduction %

Q Fruit recognition

diameter
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Feature vecto %
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d The composition of various features in a vector is called
feature vector

O A feature vector defines a point in an n-dimensional space

X

X
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O The set of patterns belonging to the same class are grouped
in some region of space

d Example fruit recognition:

m, = lemons
redness m, = apples

y

In this case, the separation is
perfect, but it will not always be so,
since classes are often overlapping

X,=diameter
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 Cats / dogs recognition
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Intuitive apg UCA

a Intuitive approach: comparing the unknown pattern with
a standard pattern of each class, and choose the kind that
comes closest.

ad How to compare?
d How to select the standard pattern?
O How to measure the degree of closeness?

ABCLER &R
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A Q 2.1 3.1 A
A G 1.9 2.7 A
B b 1.1 2.2 B
C C 1.2 1.2 C
C C 1.1 1.6 -
B ) 1.1 1.9 B
B b 1.1 1.4 C
C C 0.9 1.1 C
B b 1.0 22 B
A a 22 3.0 A
Symbols | Instantiations Feature Network
Representation Qutput
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Problem descr S

OdTo assign the input pattern to a single from N
categories

d Examples:

dSpeech Recognition
d OCR
AdExpert Systems
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Methods Yy

O Parametric techniques
d To characterize each class

O Minimum Distance method
O Calculation of Discriminant Functions

d To Characterize each border between classes

O Borders decision

O Nonparametric techniques
d Nearest neighbor
a K-nearest neighbors
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Minimum Dist Tca

Q Define a prototype for each class m,
A Find the distance from each pattern x to m,
0 Select the class whose prototype is closest to x

X class
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G.eometrlc interp minimum W
distance
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Proto

Q If possible, we will choose the not noisy prototype from
which the data were obtained

d Otherwise, the prototype is usually approximated as the
average of the available patterns
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Distance s¢

Eucliedan d(x,y) = \/Zn: (x -y )

Manhattan d(x,y) = Z|X| - Yi|

Mahalanobis dix,y) = x * C1*
Euclidean Manhattan Mahalanobis
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Q It is defined as:

c(i, )——Z(xk 1) T = 141)

A The c(j, j) possible values are:
QIfc(j,j) >0, both features tend to increase or decrease together
QIfc (i, j) <0, a feature increases, the other decreases (and vice versa)
QIfc (i, j) =0, both features are said to be independent
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The Mahalanol %

O Mahalanobis distance is defined as

d(x,y)=x'* Cl*y
and where C is the covariance matrix

d The minimum distance classifier Mahalanobis used for
each class a mean and covariance matrix

O Properties:
Q Scaled
Q Correlation
Q Nonlinear class boundaries

02/12/2014 Asignatura: Reconocimiento de Patrones



Distance

Y

UCA

Universidad
de Cadiz

MName Formula
Euclidean metric i3y, :-:}j = {}, q u:.'g-f.rg_!_ — "'g-_-ll:'i}l"lli
Unz=tandardized wg =1
Etandardized by s.d. g = lfr-lg_
(Karl Pearson diztance)
Standardized by range g = lffﬂﬁ_

Mahalanohi= metric

KManhattan metric

Minkowski metric

Canberra metric

Cine minus Pear=on correlation

1/2

1/

=1L gL g¢ Eggi,r':-fg-a. — gyl Tgrg — Tgrqgldl

where 5 = {Hgg;j i= any &7 = & positive definite matrix, u=uaally
the sample covariance matrix of the variables,

When the matrix i= the identity, thi=s reduces to the
nnstandardized Euvclidean distance.,
dagn(xg. :-:j}l =Y q ¥g |'I'g"!- — Igjl|
g3y :-:j,]l = 1{%L q f.r.lg.|.1'g..!_ — Tgq
A = 1: Manhattan distance

|ArLAAa =,

A = 2 Eunclidean di=tance

|Tge—Tgyl
ol xy) =L 9w Fagy)

E E{qu—.]'_.l]llid'q..ll—.!_,ﬂ}l
1E g'::'rg'i._'r.i::'ﬂ I’i'llrgiz g'::d'g_'ll_'r.jjﬂ}i"m

The formulae refer to distances between obdervations (arrags).

doorr(Xy, x50 =1 —




A It indicates in matrix form the successes and failures
committed in the classification process

Estimated classes
ClassA Class B

ClassA| 94.63 5.37 _ ,
Real Confusion matrix

desses) ol 1395 86.05
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method problems &

~
O Inadequate features

d High correlation
0 Nonlinear decision boundaries ~ Solution: feature extraction

O Subcategories existence

0 Complex classes separations

_/

X
CP Pa

X X
x xk 27 [
x| 0
* CPO XX =
xx > -
X| O
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0 What if instead of a single prototype for each class, we
selected several prototypes?

Y A
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Non parametri Tea

3 Consider each pattern as a valid prototype

0 The most common nonparametric techniques are:
O Nearest Neighbor
a K-nearest neighbors
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Nearest NeighDOR (=ld sl T UCA

0 We start with a set of patterns that we know their class

O An unknown pattern is assigned to the class which the
closest pattern belongs

3 You must define a distance function, which satisfies:

d(x,y)=0 = x=y

d(x,y) = d(y,x)
d(x,z) < d(x,y) +d(y, z)
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a K nearest neighbors are searched

d The pattern to the majority class (K-nearest
neighbor) is assigned by a vote

Qd In case of tie, is normally assigned to the class of
the pattern closest

A It offers excellent results, at the expense of
sluggishness classification
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Clustering ﬁ

d Can detect the existence of subclasses data
d Used unsupervised learning

o]

A B C
a b c
ARBC | W wa
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d The most popular methods are:

Q Hierarchical methods
0 Agglomerative
d Divisive
Qd Method based on K-means

0 Method of K-means (also called LBG algorithm, or
Generalized Lloyd algorithm)

0 Method of Fuzzy K-means
d EM algorithm
d Kohonen self-organizing maps
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a Agglomerative method:

O Initially, each data is a wvalid XX x3.. Xy
prototype L s L L L
O Mix the more similar two prototypes c1 2 .. G
O Repeat until the number of clusters
is the desired
Q Divisive method:
Q Initially considered a single cluster C1={X; X; X3.--%, }
O According to a predefined criterion, |
a cluster is chosen, and is divided
into two (or more)
O Repeat until the number of clusters | ‘ ‘
is the desired
C1 o7 2 Cy
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Until it converges or No> Maxit

d Decide the value of K

QSelecting initial K vectors, m, m, .. m,, for
example, between the input patterns
~Repeat,

0 a pattern x belongs to cluster j-th if its distance to m; is
the lowest

Q Recalculate the m,, m,, ... m, as the mean vectors of each
cluster

* remain unchanged until the m,, m,, ... m,
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K - Means ex

d The weight and PH index of four medicine
are known:

O 0O T >
a9 A N -
N W~
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Q Each type of medicine can be represented as a
point in space based on two attributes:

+5 T

2
FESO
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Q Initially chose two centroids of the k - groups that match
the types of medicines A (1,1) and B (2,1)
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Q Distance calculation from each object to centroids
(Euclidean distance):

O Distance between type of medicine C (4,3) and the first centroid
(1,1):

J@—-1)2+ 3B —1)2=3.61
0 Distance between type of medicine C (4, 3) and the second centroid
(2 1):

J@—2)2+ 3 —1)2=12.83
O Distance matrix:

D0=[O 1 3.61 5.00
1 0 283 4.24
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3 Clustering: each object is assigned to a group
taking into account the minimum error.

d The type of medicine A is assigned to group 1 (centroid
(1,1))
d Types B, C and D are assigned to group 2 (centroid (2,1))

=l 1711l
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Q I[teration 1, centroids are determined

O As group 1 has only one member (type A) is left as is.
QO Group 2 has three members, therefore, its centroid is:

(24445 14344\ (118
2= 3’ 3 ~ \33
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3 Iteration 1, distance matrix:

D [ 0 1 361 5
3.14 236 0.47 1.89

Qlteration 1, clustering:
d A and B are assigned to group 1 (centroid in (1,1))
a C and D are assigned to group 2 (centroid (11/3, 8/3))

. 1 1 00
G_[0011
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3 [teration 2, centroids calculation

(12141 (3 N\ (4453+4) (97
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3 Iteration 2, distance matrix:

3.20 4.61
a 430 354 0.71 0.71
Q Iteration 2, clustering:
d A and B are assigned to group 1 (centroid in (1,1))
a C and D are assigned to group 2 (centroid (11/3, 8/3))

1 1 00
0 0 11
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« [t allows each point belongs partly to several (all?) clusters

 Define a degree of membership in each cluster, depending
on their distance to the cluster

« Must be defined

A distance measure of a vector to a cluster (or prototype), such as:

1 T
_ : 8, = e
% =m ||

%
« Membership degree of a vector to a cluster. It is usual to use:

g;

ij K
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e Decide the value of K

e Leti=1,2,.. Kthe number of classes; j = 1,2, .. N the number
of points, the steps are:

(" » Determine the initial values of the centers of the K classes my
(random initialization, using K-means, ...)

=

=

©

=

A

=

= | Repeat

% » Determine the values g;; using the distance function chosen
5

S | __ 5

g * Determine the valuesu;  U; =—

O

2 Z & &

= =1 Zuij X;
S \  « Recalculate centers me as: m :—leN
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EM algorithm %

d The EM algorithm is a general method to
find the estimate of maximum likelihood

parameters of an underlying distribution to a
data set

d This is an iterative algorithm, named after
the two steps in each iteration is divided:

d Expectation
d Maximization
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EM, clustering on probabilities%-%//A
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A Instances have some probability of belonging to a
cluster, we look for the clusters group most likely
given the data.

d The basis of this type of clustering is a statistical
model called mixture of distributions (Mixtures
finite):

Q Each distribution shows the probability that an object

has a particular set of attribute-value pairs if you know
who is a member of that cluster.

d They have k probability distributions representing k
clusters.
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EM - Simple ce

d Numeric attributes with Gaussian distributions where we
know what each data cluster belongs.
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(CA
+z+...3, .
= I + T P(Alz) = P(I:|A)P(A] _ f(z; pa, G'A)PA
n P(z) P(z)
2 _ (21— p)? + (z2 — )’ + .. . (2, — )’
n—1
3:0 4:0 5:0 gO 7:0
Uy =50,04 =5, py=0.6 Hg =65, 05=2, pg =04
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EM - What to do w is notideal? %

3d Problem: we do not know what each data
distribution is and we do not know the
parameters of the distributions.

A Solution: EM algorithm
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EM - Algorith

1. The distributions parameters will "guess”

2. The parameters values of the distributions are used to
calculate the likelihood that each object belongs to a
cluster (expectation):

P(z|A)P(A)  f(z;pa,04)Pa

PlAlz)=—p— == p

3. The parameters of the distributions (maximization) are
recalculated and return to step 2.

W T + Waly + .. WiTy 2 _ wy(z) — p)? +wa(z; — p)? + .. wa(z, — p)?

Ha = w Wyt ... Wy 4 w +wy+...w,
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EM - Concludi %

d The algorithm tends to converge, but never
reaches a fixed point.

O Objective: Maximize (maximization) the likelihood
of distributions given the data:

11(PaP(z:|A) + PeP(z: B))

d The algorithm iterates until growth is negligible.

d Convergence can be a local maximum, repeat the
process several times.
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Distribuciones Originales

o0az

01 5

200 ejemplos gue forman dos distribuciones
desconocidas con paramefros:

Ka=20 Hg=62

TG,=3 4 gg=1.26

P.=0.7 Pp=0.3

om 4

ops 4

op+ 4

o= |

iteracion 1 Iteracion 5

| P2 w5342 § 53,79
of B2 petdd

ne=0,52
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EM - Examp

0az

04 +

OfE

ops 4

Op+ 4

o 4
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Distribuciones Originales

leracion 8

49,74
Gr=3,29
p=0,69
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w=60,93

200 ejemplos gue forman dos distribuciones
desconocidas con parametros:

Ha=20 Hg=62

Ta=3.4 gg=1,26

Pa=0,7 pg=0,3
lteracion 11
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EM algorithm ag to multivariate 7

(Gaussian

d Extension to instances with multiple attributes:

Q If the attributes independence is assumed, it can be made
by multiplying the probabilities of each attribute together
to get a joint probability distribution.

Q If there are correlated attributes, it may be modeled with
a bivariate normal distribution, wherein a covariance
matrix is used. The number of parameters grows, it can be
a overfitting problem

1 For nominal attributes with m possible values, is
characterized by m numerical values representing
the probability of each value.
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