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http://www.amazon.com/gp/reader/0471056693/ref=sib_dp_pt#reader-link

Opakovani statistiky

* Pravdepodobnost

 Podminéna pravdepodobnost

* Nahodna veliCina, distribucni fce, hustota
» Stfedni hodnota

* Rozptyl

» Korelace a kovariance

* Normalni rozdeleni

» Metoda nejmensich Ctvercu

« Konvoluce



Normalni rozdéleni
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Zobecnéné normalni rozdéleni
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Vicerozmeérné normalni rozdéleni
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Normalni rozdeleni — je nebo neni vSude?
« Zkusenost ze zivota
e Centralni limitni véta

* Rozdéleni chyb méreni

Ovsem neni uplne vsude (jina rozdeleni,
smesi, omezeni hodnot, ...)

"Jsou tato data z normalniho rozdéleni”?"



Gaussova funkce

* Normalni rozdeleni

* Vedeni tepla, difuze

* Vlastni funkce FT, minimalizuje neurcitost
* Derivace

» Uzavrenost k soucCinu a konvoluci

* Rozmazani turbulenci atmosféry

» Maximalizuje entropii



Priklad — strelba do terce




Metoda nejmensich Ctvercu

» Aproximace dat (regrese)

» Redeni pfezadanych soustav rovnic
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Metoda nejmensSich ¢tvercu - zakladni

» Minimalizace souctu kvadratu odchylek

N

E(a.b) = Z (y,, — (ax, + b))’




Metoda nejmensich Ctvercu
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Metoda nejmensich Ctvercu

* Aproximace polynomem vzdy vede na
linearni ulohu

» Nelinearni MNC — numerické Fedeni
soustavy rovnic



Totalni metoda nejmensich Ctvercu

* Obée veliCiny mérime s chybou
» Matematicky komplikovanejsi
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Pattern Recognition

» Recognition (classification) = assigning a
pattern/object to one of pre-defined classes

« Syntactic (structural) PR - the pattern is
described by its structure. Formal language
theory (class = language, pattern = word)



Pattern Recognition

» Recognition (classification) = assigning a
pattern/object to one of pre-defined classes

 Statistical (feature-based) PR - the pattern
is described by features (n-D vector in a
metric space)



Pattern Recognition

» Supervised PR
—training set available for each class

* Unsupervised PR (clustering)

— training set not available, No. of classes
may not be known



Supervised Classification

« Classification algorithms work in the feature
space and are independent of the data type.

* In ROZ2, we do not review “deep learning”
approaches



Object Recognition System
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Desirable properties of the training set

* |t should contain typical representatives of
each class including intra-class variations

* Reliable and large enough

* Should be selected by the domain experts



Classification rule setup

Equivalent to a partitioning of the feature space

Independent of the particular application



An example — Fish classification
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The features: Length, width, brightness
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2-D feature space
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Empirical observation

* For a given training set, we can have
several classifiers (several partitioning
of the feature space)



Empirical observation

* For a given training set, we can have
several classifiers (several partitioning
of the feature space)

* The training samples are not always
classified correctly



Empirical observation

* For a given training set, we may have
several classifiers (several partitioning
of the feature space)

* The training samples are not always
classified correctly

* We should avoid overtraining of the
classifier



Formal definition of the classifier

* Each class is characterized by its
discriminant function g(x)

* Classification = maximization of g(x)
Assign xto class /iff

9:,(x) > gj(x)  VjFi

 Discriminant functions define decision
boundaries in the feature space



Minimum distance (NN) classifier

* Discriminant function

» Various definitions of d(x, w;)

* One-element training set -



polygons




Minimum distance (NN) classifier

 Depending on d(x,w;), NN classifier may
not be linear

* NN classifier is sensitive to outliers =
k-NN classifier



Minimum distance to means classification
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k- NN classifier

* NN classifier is sensitive to outliers =

k-NN classifier

* |t finds the nearest training points unless A

samples belonging to one class has been
reached



kK-NN classifier

Training samples

M Megative controls

Training samples NCOR2
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k-NN classifier



k-NN classifier




Linear classifier

Discriminant functions g(x) are hyperplanes
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Simple training algorithms

* Many possible hyperplanes

* Perceptron
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Perceptron

Artificial Neural Networks

The Perceptron

Activation
function

Fundamental unit of a Neural Network
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Perceptron — an iterative training
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Multilayer perceptron




“Optimal” linear classifier:
Maximizing the margin
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Support vector machine (SVM)

“Optimal” linear classifier
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Support vector machine (SVM)

Training algorithm: Discrete optimization

- many versions

Drawbacks:

- very sensitive to outliers and noise
- does not consider the shape and the size
of the training set



Admitting training errors

Cost function penalizes the errors
Attn: Definition of weights



SVM for linearly non-separable classes

1)

How to make them linearly separable?



Increasing the number of features
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Attn: “Curse of dimensionality”

yperplane



Mapping the features into another space
“The kernel trick”

Attn: “Overtraining/undertraining”



Bayesian classifier

Assumption: feature values are random variables

Statistic classifier, the decision is probabilistic

It is based on the Bayes rule



The Bayes rule

Class-conditional

probability .y
A priori
A posteriori P(w;[x) = p(x|w; ) P(w; ) probability
probability p(x) |
Total —
PIX) = PIX| W, P(w
probability (%) Z els) Fls)



Bayesian classifier

Main idea: maximize posterior probability

P(w;|x)
Since it is hard to do directly, we rather maximize

p(x|w;) P(w;)

In case of equal priors, we maximize only

p(x|w;)



Equivalent formulation in terms
of discriminat functions

p(x|w;)P(w;)

s

> p(X|w;) P(w;)

7=1

gi(x) = P(wilx) =

9i(x) = p(x|w;) P(w;)

g;(x) =In p(x|w;) + In P(w;).



How to estimate p(x|w;)P(w;) ?

P(w;) < From the case studies performed before
(OCR, speech recognition)

* From the occurence in the training set
» Assumption of equal priors

p(x|w;).* Parametric estimate (assuming pdf is
of a known form, e.g. Gaussian)
* Non-parametric estimate (pdf is
unknown or too complex)



Parametric estimate of Gaussian p(x|w;).

p(x)
A




A note about the ML estimator
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d-dimensional Gaussian pdf
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The role of covariance matrix
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Two-class Gaussian case in 2D

e, o |
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Classification = comparison of two Gaussians



Two-class Gaussian case — Equal cov. mat.
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Equal priors P(w;)

1

max gi(x) = - (x = ;) T (x — ;)

min (x-— Hf.)tz_l(x — 1)

Classification by minimum Mahalanobis distance

If the cov. mat. is diagonal with equal variances
then we get “standard” minimum distance rule



Non-equal priors 1P(w;)

Linear decision boundary still preserved
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More classes, Gaussian case in 2D




How to test the normality of
the class-conditional distributions?

* Pearson’s chi-square test (goodness-of-fit test)

2
observed - expected
X 2= z:( £ )

expected

 Moment-based tests

* Visual assessment



Applications of Bayesian classifier
iIn multispectral remote sensing

* Objects = pixels
* Features = pixel values in the spectral bands
(from 4 to several hundreds)

 Training set — selected manually by means
of thematic maps (GIS), and on-site
observation

 Number of classes — typically from 2 to 16



Applications of Bayesian classifier
iIn multispectral remote sensing




Applications of Bayesian classifier
in multispectral remote sensing




The Mall, Washington D.C, aerial HS image
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Applications of Bayesian classifier
in art

BIR (Back Digital IR)

BVIS (Back Visible) :
IRR (IR Reflectography) &, \\
R S M

Multi-Spectral Imaging
Documentation

IRTR (IR Transmitted)

IRF (IR Fluorescence)
IRFC (IR false Color)

IR (Digital Infrared)

UVR (UV Reflected)

UVF (UV Fluorescence)

RAK (raking light)

VIS (visible)



Other classification methods in RS




Non-metric classifiers

Typically for “YES — NO” features

Feature metric is not explicitly defined

Decision trees



General decision tree

root Color
areen red
= vellow
big o small round thin medium small
s
E
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hig small sweel
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Binary decision tree

coolor = Green?

Ves no
Ves no Ves no
Watermelon
Ves no Ves no yes no
Apple Grape Banana Apple
yes no Ves no
Grapefruit  Lemon Cherry Grape

Any decision tree can be replaced by a binary tree



Real-valued features

* Node decisions are in form of inequalities

 Training = setting their parameters

« Simple inequalities = stepwise decision
boundary



Stepwise decision boundary

/




Real-valued features

The tree structure and the form of inequalities
iInfluence both performance and speed.
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Classification performance

* How to evaluate the performance of the
classifiers?

- evaluation on the training set (optimistic
error estimate)

- evaluation on the test set. Evaluation by
overall success rate is misleading, different
errors may have different significance. One
should use the confusion table.



Classification performance

* How to increase the performance?
- other features

- more features (dangerous — curse of
dimensionality!)

- other (larger, better) training sets
- other parametric models

- other classifiers
- combining different classifiers



Combining classifiers

» Several /ndependent classifiers
* Averaging of noisy results
* Suppression of extremes

* No guarantee of improvement over the
best classifier



Combining classifiers in biometrics




Combining deterministic decisions: voting

Base Base Base '
Classifier 1 Classifier 2 Classifier N
¥ l
Decision | Decision 2 Decision N

l
Nl

S "[’ b L-m
qu;‘ = Z (1 o P)
m=| L/2 [+1\ 1

P>p iff p>0.5




Combining deterministic classifiers: voting

| [ ] & & = i ]
I"\ m M M B B
i 0 & E & &

Weighted voting: incorporating the expert
knowledge



Majority vote — probability of success

Vetsinove hlasovani :

P .=

maj

m=| L/2 |+1

L
{ ]Pm (l_p}L—m
I

kde L je pocet nezavislych klasifikatorU a p je jejich Uspésnost.

L=3 L =>5 L=7 L=9
p=0.6 0.6480 0.6826 0.7102 0.7334
p=0.7 0.7840 0.8369 0.8740 0.9012
p=0.8 0.8960 0.9421 0.9667 0.9804
p=0.9 0.9720 0.9914 0.9973 0.9991




Combining probabilistic classifiers
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Handwritten digit recognition

TABLE 2
THE CLASSIFICATION RATE FOR EACH CLASSIFIER
Individual classifier Classification rate %

Structural: 90.85
Gaussian: 93.93 (1) 0->8 (2) 0->8 (3) 0->8 4y 1->7 (3) 1->7
Neural Net: 93.2

rNZ3S D

THE CLASSIFICATION RATE USING

DIFFERENT COMBINING SCHEMES (6) 2->4 (7)2->3 (8) 2->6 (9)3->5 (10) 3->5

Combining rule Classification rate %

Majority Vote: 97.96
Sum rule: 98.05
Max rule: 93.93

Min rule: 86.00
Product rule: 84 69 (11) 4->7 (12) 4->9 (13) 4->9 (14) 5->3 (15) 6->4
Median rule: 98.19

Reprinted from J. Kittler et al., PAMI, 1998



Thank you!

Any questions ?
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