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EXAMPLES OF PATTERH RECOGNITION PROBLENS

1. Recognition of earthquake-prone areas.
To divide the selected structures of a region into two
classes:
=- structures where sarthquakes with M 3} M, may occur;
== siructures where earthquakes with M > M, may not
occur,

2. Recognition of strata filled with oil.
To divide the sztrata encountered by a borshole into
two classes:
== strata which contain oil;
-= strata which contain water.

3. Medical diagnostics
To divide examined people into two ciasses:
= People who have a specific disease;
== people who do not have 1t,

QUERERAL FORMULATION OF THE PATTERN RECOGNITIOR
PROBLEH

Generalizing the three above examples one may formu-
late the problem of patiern recognition abstractly as fol-
lows: ]

. The set W : | w') 1s considered, where objects
we { w:. wf, P uﬁ) » 121,2,... are vectors with rea]l
( integer, binary ) components.

The problem is to divide the set W inte two or more sup-
sets which differ in certain feature or according to clus-
tering themselves.

Two Kinds of pattern recognition problems and methods:

~- classtfication without learning;
-- classification with learning.
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Examples of functions
CLASSIFICATION WITHOUT LEARNING

{ CLUSTER ANALYSIS ) ¥ 13 a finite sot,
4
The set W 1s dividea into groups ({ clusters ) on the ‘ (K -1 Z _Flt
basze of some measure in the m-dimennsional space oW W J - K=1 ~—> min,
Danote P(U.v) a4 distance between two m-dimensional vec- 1 k-1 K
TOTS Wi U WL W W) AV (Y, Y, ..., v e 2 .P“J
To estimate quality of classification the speclal functi- Kzl JaKe+i

on 1s introduced, The best classification gives the extremum
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of this function. 2 —— . — Z ) .
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e : Here X 1s the number of groups
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. - -~ L My J' l. .
\ o b/ ,‘:/‘.'-.j’..\ ij= Y Z_Zfl'.V).
o - = gen IR T =
oVt 7 VR ‘,/ m,, mJ' are the numbers of objects In the K-th and
Ve~ \ N J-th groups respectivelry,
N - v w?, ... . w™ are the objects of the K-th group,
v, v ..., v are tne objects of the j-th group.

After the groupas are formed the next problem can be for-
mulated: to find common feature of objects belonged to the
same group.
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CLASSIFICATION WITH LEARRING

As a rule the set W iz divided into two ciasses, sar D
and R .
The apriori examples of objects of each class are given.
They are called the learning set:
w,C W,
W : DU N,

Do 1s the learning set of ob)ects belonging to class D,
. K, 13 the learning set of objects belonging tc class N.

The result of the pattern recognition 18 twofold:
== The rule of recognition; 1t allows to recognise which
¢lass an object belongs to Knowing the vector w; des-
cribing this cbject.
-- The actual division of objects into separate classes
according to this rule:
W =zDUWR,

In some cases there are objects with undaifined classifi-

cation, so
W= (Dual ) U,

Analysis of the obtained rule of recognition may give in-
formation about the connection between the feature which dif-
fers the classes D and N on one hand and deacription of objects
( components of vectors wt ) on another.

For example, analysis of the rule for precognition of
earthquake-prone areas gave an insight of the role of fluias
in the origin of the earthquakes.

EXAMPLES OF ALGORITHMS
1. STATISTICAL

It 13 assumed that distribution laws are differant for
vectors from classes D and N.

k D

¥

Samples D, and N, are used to define the parameters of
these laws.

The recognition rule 1s based on calculation of an esti-
mation of conditional prohablllt}es for sach cbject v; to be-
long to class D ( B' ) and N ( P, ) and a clasification of the

D
object according to these probabilities:

w E D 1f P

T

we€ N it P, - P, < -E,

-]

ve U It IP;-P'I < E,

where £ ) O 1s a given constant.
An example of & statistical algorithm i1s Bayes algorithm.
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BAYES ALGORITHM

According to Dayes formula

F{w:w"|WeD) P(weD]) : F(waD|w=w') P(w:=w*)
and .

: N P(w:w'|weD) P(weD)

P_ = P(weD|w:=w") = T .

B Plw:zwt)
Similarly ]

: N Piw:=w"|weN) P(weN)

PN = PiweN|w=w") = .

Piw:=wi)

Esatimations of probabilities in the right side of thess
relations are given by following approximate formmilae in which
the samples D, and N are used:

P{w=w' |weD) = P(w:w"|weD,)

Piw:=w"|weH) = P(w=w')weN,) ,

P(w:w') == P(w:=w"|weD,) P(weD) + P(w:w'|weN_) P(weN} .

Probability P(weD) i3 a parameter of the algorithm and has
to be glven, P(weN) : 1 - P(web).

. .

HOTE: The sign of the difference P; - PN" does not depend
of value P(w:w') ,
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2, GEOMETRICAL

In these algorithms surfaces in the space w‘_. '2.' ceen W
are constructed to separate classes D and N .

An example of a geometrical algorithm is the algorithm
Hyperplane.

ALGORITHM HYPERPLANE

In the space W W e, Y the hyperplane

Plw) = .4'4 + ‘g'a. oo b AW A,
i3 constracted.

This nyperplane nhas to separate the sets D, and N by

the best way. It means that some function has to have extremum
value,

The example of the function 1s

Ny . ng
- E ' L. E ' L
J(a°| .Llll'l.h, = Pl' ) P(V ' i max ,
1=1 1:=1
where w‘. w". e whs are objects of D, ,

vi, v3, ... . v™ are objects of N, .
The recocn.}uon rule i3 the following:
v'e D 1 P 2E
vfe N 1f P(I';') < -&,
we U L1f P | £,
where £ 3 O 1s a given constant.
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3. LOAICAL

In these algorithms characteristic traits of classes D
and N are searched using the sets D, ana N_ . Tralt! are
boolean functions on wa. Voo voe v Wy The object w' has the
trait 1if the value of the correfpondlnc function calculated
for components cf the vector w' 13 true and does not have
the trait 1f it is false. A trait is a characteristic trait
of the class D if objects of the set D, have this trait more
often than objects of the set N, . A trait 13 a characteristic
tralt of the class N 1f objects of the set H, have thisg trait
more often than objects of the set D, .

Using the seached characteristic traits the recognition

rule is formulated by following way

-
re

2 A+&.

-]
T r-

w & D it P _-P

* .

(¥ [ % 8
ve N 1f pn-p~<A—E.

i .
ve U 1t 1P -P-Al <&,

where Pn‘ ana P‘: are the numbers of characteristic traits of
classes D and N which the object w' has, A ana £3 0 are
given constanta,

Logical algorithms are useful to Apply Ln cases then the
numbers of objects in seta D, and K, are small.

A3 a rule logical algorithms are applied to vectors with
binary components. An example of logical algorithm is the algo-
rithm CORA.' It' Ls applied to geophysical problems in particular
to the problem of long-term prediction ¢f earthquake and will
be described in detalls in the lecture "Pattern recognition in
earthquake prediction®,

DISCRETIZATION AND CODING

As 1t was mentioned above some pattern recognition algo-
rithms can be applied only to vectors with binary components.
In the case when the set W initially consists of vectors with
real components the discretization and coding of components are
necessary.

After discretization the data become robust. For example
1f a range of some component Ls divided into three parts only
three gradations for this component { "small”, “"medium”, "lar-
ge” ) are used after the discretization instead of its exact
value. Don’t regret the loss of information, This makes re-
sults of recognition stable to variations of data,
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TBSTS FOR ESTIMATION OF RELIABILITY OF RESULTS

These tests are necessary to be sure in the obtained re-
sults. It is especially impertant in the case of small samples
Do and 'Bg . The tests illustrate - how reliable are the results
of the pattern recognition. However they do not provide a proof
in the strict statistical sense if the learning matarial 1is
amall,

The examples of some tests are listed below.

1. To save the part of objects from Wo for recognition only,
not using it 1n learning.
2. To check the conditions: Do D, Ny N .

NOTE: Somstimes this conditions are not valid becaus the seats D,
and Np are not "Clear” enough. For example in the case of
recognition of earthquake-prone areas objects of D, are
structures where epicenters of earthquakes with M H,
are known and objects of M, are structures where epicen-
ters of such earthquakes are not Known. Objects of N, may
beleng to the class D, because in some areas earthquakes
with M 3 M, may be possible, though yet unknown. Objects
©f D, may belong to the class N cdue to the errors in
catalog ( in epicenters and/or magnitude }.

NUMERICAL TESTS. ‘These tests include some variation of the ob-

Jects, used components of vectors, numerical
Parameters etc. The test 13 positive if the
results of recognition are stable to these va-

riations.
3. Elimination of objects from Do ana Ny - one at a time. For-
m
mal criteria of stability - small value of the ratio m”l
My + My e
or —————re , Here m, and m,, show how many objects of D,
I1Dgl + |Ngi

and H, respsctively change classification after they weres
eliminated from learning.

4. Learning on the subsets of the obtained sets D and N ,

8. Change the set of used components. In particular elimination
of each used component in turn.
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Since the danger of selfdsception is not completely elimi-
nated by these tests the design and implementation of new tests
should bs pursued

NOTE: The lecturs "Pattern recognition in earthquake pre-
diction®, the exercises and the user’s fulde for the
Package of pattern recognition programs contain the
additional information about the subject of this lec-
ture.
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