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This thesis presents an application of Fuzzy set theory (FST) for
improving Backpropagation Neural Network (BNN) based Inductive Logic
Programming (ILP) rule approximation. With the help of FST, the approximation
of the truth values of logic programs is more reasonable, before the values are
sent to the BNN for learning or for recognising. Experimental results show that
the recognition accuracies are in average 83.53% and 88.39% for ILP alone and
ILP&BNN, respectively. Our proposed method gives the best recognition
accuracy of 90.40%.
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CHAPTER 1
INTRODUCTION

1.1 PROBLEM IDENTIFICATION

For the last ten years, many techniques have been developed to improve recognition
accuracy of Thai-Optical Character Recognition (Thai-OCR) which is not reasonably
high enough so far, especially in the commercial software according to the
complexity nature of Thai characters plus the high similarity between some

characters, e.g., the characters ), §, N or %.

[Supanwansa, 2540] has proposed an interesting method that employed Inductive
Logic Programming (ILP) [Muggleton, 1995] which is a kind of Machine Learning
[Mitchell, 1997] to generate a rule for recognising characters. The benefit of this
technique is that rules produced by ILP can accurately classify characters, and are
described in form of FirstOrder Predicate Logic IMendelson, 19871 which is easy for

humans to analysis, to understand or even to modify to meet their requirements. In
addition, background knowledge can be recursive, ie., they are suitable to describe
some complex real world data such as Thai characters.

However, for some noisy or unseen character, there can be no rule that perfectly
matches the character. In this case, we say that this character is not ILP-

recognisable. [Kijsirikul and Sinthupinyo, 1999] solved this ILP-unrecognisable
problem by sending the binary truth values of literals of the rule to a
Backpropagation Neural Network (BNN). After BNN is applied, every character is
recognisable, and thus, the more correctly recognised characters are obtained.

There 1s some disadvantage we observed in the line of the above work. The truth
values used in this work are quite sharp, i.e., they are possibility values of either 0
or 1. The value 1 is used to show that a given character exactly has some property:;
otherwise, the value 0 is used. Therefore, the value O is used to show that a given
character partially-has some property or exactly has no some property.

In case that the character partially has the property, we argued that we should not
use the value 0 which is not reasonable 1n some sense, at least, our sense; we should
use some: softer value between 0 and 1 instead, such as 0.9, 0.1, 0.5 or 0.001,
respected to the nature of Thai characters. These truth values are called fuzzy truth
values and they can be obtained by using Fuzzy set theory(FST). We believe that
such softer truth values can improve the classification accuracy of the Thai-OCR.
That is why this research has been emerged.



1.2 OBJECTIVE OF THE RESEARCH

The main objective of this research is to develop a program that finds the fuzzy truth
value of background knowledge in [Supanwansa, 2540].

1.3 SCOPE OF THE RESEARCH

1. In this research, we will use fuzzy set theory(FST) to find the truth values of
background knowledge in [Supanwansa, 2540].

2. We will compare the results to [Kijsirikul and Sinthupinyo, 1999] and
[Supanwansa, 2540], using the same environment.

3. This research will be developed and tested on any suitable operating system
and development tools.

1.4 DETAIL SCHEDULES

The detail schedules of this research are the following:

1. Search and study previous works about BNN and TLP.

2. Search and study previous works about FST.

3. Write a program that evaluates truth values of background knowledge and
sends them to the BNN.

4. Repeat steps 1-3 as required.

5. Give the conclusion.

1.5 EXPECTED OUTCOME

The usefulness of this work is that the recognition accuracy of the Thai-OCR using
our method should be higher than the one using the method of [Kijsirikul and
Sinthupinyo, 1999].

1.6 RELATED PUBLICATIONS

This research is accepted as the full paper entitled "Improving Backpropagation
Neural Network Based ILP Rule Using Fuzzy Set Theory." in the Fifth National
Conference on Computer Science and Engineering (NCSEC2000), Bangkok,
Thailand, 2000.

1.7 ORGANISATION

This thesis is organised as follows. First, Chapter 2 gives an overview of ILP&BNN
methods. Chapter 3 describes theory of fuzzy set. Chapter 4 discusses the
approximation of truth values of the background knowledge. Chapter 5 gives the
experiments. Finally, the conclusion of this thesis will be given in Chapter 6.



CHAPTER 2
TRADITIONAL METHOD

In this chapter, we will give an overview of the traditional method of combining ILP
with BNN. Section 2.1 describes how to train the BNN to learn the characters.
Section 2.2 describes how to recognise characters using the BNN.

2.1 TRAIN THE BNN TO LEARN THE CHARACTERS

For convenience, suppose that there are only three Thai characters, i.e., 'Kai'('n"),

'Khuad'(@') and 'Tahan'('n"). After ILP is applied, we obtain a set of character rules

(or rule sed) that is used to recognise characters. Figure 2.1 shows an example of a
rule set generated by ILP.

Kai(I) :- HeadZone (I, 3),
HeadPrimitive (I, 1).

Khuad(I) : - HeadZone (I, 2),
HeadPrimitive (I, 10),
EndPointZone (I, 4),
CountEndPoints (I, 2).

Tahan (I) :- not TopRightTail (I),
HeadZone (I, 2),
HeadPrimitive (I, 12),
EndPointPrimitive (I, 5),
CountEndPoints (I, 3).

Figure 2.1 An example of a rule set generated by ILP.

There are three rules in this rule set, each of which defines the concept of character
'Kai', 'Khuad' or 'Tahan', respectively.

Consider the predicates HeadZone (I,3) and HeadPrimitive (I, 1). Predicates
are statements involving variables. They are-neither true nor false when the values
of the variables are not specified. Predicates will become propositions when all
variables in the predicates (in this case, variable I) are substituted by some objects
in the domain.

These predicates are characteristics of character 'Kai'. HeadZone (I, 3)
characterises that the head zone of character 'Kai' must be of type 3 (at the bottom
left). (See [Supanwansa, 2540] for details). HeadPrimitive (I, 1) characterises
that the head of character 'Kai' must be of type 1 (in octant 2). Such predicates are
called background knowledge that must be provided to the ILP. The construction
details of background knowledge are described in [Supanwansa, 2540].



A character Xis represented by the information Zx (data that form the character X);
eg Ix=(3,0.78, [781, 970, 82, 83, 339], [I, I, [1] ). X will be recognised as 'Kai' if
when all occurrences of I in the rule set are substituted with Ix, the truth values of
all Jiterals (predicates or negation of predicates) in the rule Kai are 1.

Logically, a given character Y which is represented by the information /v, will be not
recognised as 'Khuad' if when all occurrences of I in the rule set are substituted
with /v, the truth value of some literal in the rule Khuad is 0.

In order to train the BNN to learn a character of font 'Kai', e.g. TrainKai which is
represented by the information Jzmzai = (3, 0.78, [781, 970, 82, 83, 3391, [, [, [1] ).
Firstly, we substitute all occurrences of I in the rule set with [7ainkei and then
compute the truth value of every literal in the rule set. Suppose such the truth
values (0's or 1's) are shown on the right hand side of each literal in Figure 2.2
below:

Kai (I1vainkai) : - HeadZone (I1vainkai, 3), - 1
HeadPrimitive (Irrainkai, 1) . - 1
Khuad (I1vainkai) : - HeadZone (Itvainkai, 2), - 0
HeadPrimitive (Iramgai, 10), - 0
EndPointZone (Irrainkai, 4), - 1
CountEndPoints (Irrainkai, 2) . - 0

Tahan (Irrainkai) : - not TopRightTail (Irrainkai) ,
HeadZone (Irramkai, 2),
HeadPrimitive (Irraimkai, 12),
EndPointPrimitive (Irwuainkai, 5),

il il

CountEndPoints (Iramkai, 3) .
Figure 2.2: The truth values of all literals when /7vamkar1s substituted into the rule set.

Thus, we use the vector [1 1 0 0 1 0 1 0 0 0 0]7 for training the BNN (see
Figure 2.3). We repeat this step for all training characters.

The links of the BNN are fully connected from the hidden layer to the output layer.
The number of nodes in the hidden layer equals to the number of rules, which is
three. All input nodes corresponding to predicates in the same rule are connected to
one hidden node that represents that rule.



Figure 2.3 Training the BNN with 7rainKai.

Kai

huad

Tahan

2.2 USE THE BNN TO RECOGNISE CHARACTERS

For a given noisy character of font 'Khuad', e.g. NoisyKhuad which is represented by
the information Inoisyknuad. Suppose that NoisyKhuad is not ILP-recognisable (no rule

that completely matches this character), as shown in Figure 2.4.

Kai (INojsyK]Juad) e

Khuad ([NoisyKbuad) -

Tahan (INoisyKhuad) : -

HeadZone (INoisykbuad, 3),

HeadPrimitive (INvisyKhuad, 1) .

HeadZone (INoisykbuad, 2),
HeadPrimitive (INoisykhuad, 10),
4),

CountEndPoints (INvisykhuad, 2) -

EndPointZone (INoisykbuad;

not TopRightTail (INeisykhuad).,
2),
HeadPrimitive (INvisyKhuad,

HeadZone (INvisykhuad,
12),
EndPointPrimitive (INoisykhuad,

CountEndPoints (INoisykhuad, 3) .

5),

Figure 2.4: NoisyKhuad is not ILP-recognisable.
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Analogous to Section 2.1, we send the vector [0 0 1 1 1 0 1 1 0 0 0] to the
BNN. In this case, the prediction from the BNN (the best matching character to
NoisyKhuad) is 'Khuad', which is correct. (see Figure 2.5)

0 Kai

1 Khuad

1 ahan

Figure 2.5 NoisyKhuad is correctly recognised by BNN.

However, there is some disadvantage of this method. Let us consider the proposition
CountEndPoints (I, 5). The truth value of this proposition will be set to the
value 1 if I contains exactly five endpoints; otherwise, it will be set to the value 0.
Suppose I contains four endpoints, then the truth value the proposition is set to the
value 0, this is not reasonable in some sense.

Therefore, the hypothesis of this research is that the more reasonable truth values
may improve the recognition accuracy of the BNN. We will use theory of fuzzy set to
find such the values. Theory of fuzzy set will be introduced in the next chapter.



CHAPTER 3
THEORY OF FUZZY SET

In this chapter, we will introduce some basic concepts of fuzzy set theory. Section
3.1 gives the literature surveys on fuzzy set theory. Section 3.2 explains the grand
concept of the fuzzy set. Section 3.3 describes the concept of the fuzzy relation.
Section 3.4 gives an idea of the fuzzy number. Finally, Section 3.5 describes
operations on fuzzy sets.

3.1 LITERATURE SURVEYS ON FUZZY SET THEORY

Fuzzy set theory (FST) is introduced by L.A. Zadeh of the University of California at
Berkeley [Zadeh, 1965]. Fuzzy set theory is a mathematical theory dealing with
vagueness and uncertainty. FST methodology has proved its soundness and
usefulness in many applications, such as Operation Researches, Control
Engineering, KEconomics, Database, Image Recognition, Image Clustering,
Psychology and other areas. Below are some applications of FST.

® [Karwowski et. al., 1989] employed FST to improve text editor that can predict

user input and change its environment for more user comfortable, e.g., scroll the

screen or press function key automatically. The nonfuzzy method predicted correctly-
47% while the fuzzy method predicted correctly 76%.

o [Ushida et. al, 1993] employed the conceptual fuzzy set with another
techniques to recognise human emotions using facial expressions.

® [Wang et. al, 1997] employed FST in the induction learning process of the
Identification Tree and tested the method in the problem of selecting sports under a
given weather conditions. ’

® [Martienne and Quafafou, 1998] built an ILP system namely EAGLE which
employed the fuzzy set to partition the input data and then used Rough set theory
[Pawlak, 1982] in the inductive learning process. EAGLE was tested on real-world
organic chemistry problems.

3.2 FUZZY SET
e  CRISPSET

In classical(crisp) set theory, the sets are defined as collections of objects having
some property; nothing special is considered about the nature of the individual
objects.

Formally, let X denote the universal set which contains all possible elements
concerning in each particular context. We can define sets within a given universal
set X by a characteristic funciion which declares wheter an elements x of X are



members of the set or not. Set A is defined by its characteristic function, A : X — {0,
1} as follow:

1 = A
*E 3.1)

Alxy=3_" e,
(=) {0; xg A

Example 3.1
For a universal set X = {1, ..., 10}. We define a set CRISP-FIVE by using

characteristic function CRISP-FIVE : X — {0, 1} as shown in Figure 3.1

[
L
[}

CRISP-FIVE(x)

Figure 8.1: Characteristic function CRISP-FIVE.

® FUZZY SET

Fuzzy set theory is a generalisation of classical crisp set theory. In other word,
definitions, theorems and proofs of fuzzy set theory always hold for classical crisp set
theory. Therefore, fuzzy set theory has a wider scope of applicability than classical

crisp set theory in solving problems.

Definition 3.1 (Fuzzy set) Given the untversal set X, in order to define a fuzzy sei
namely A on X, we define a membership funciion that maps elements x of X into real
numbers in [0, 1]. This membership function is denoted by the same symbol A, that is

A X—[0,1] (8.2)

We can write fuzzy set A as
A={0, A@) |xeX} ' © 1 Ul (3.3)
Here, A(x) is interpreted as the degree o which x belongs to the fuzzy set A. 1

Example 3.2
We define a fuzzy set FIVEI = {(x, FIVEI(x)) | x  [1, 10] }, where

FIVEI(x) = xe[1,10] e, (3.4)

1+(x-5)%"



and define another fuzzy set FIVE2 = { (x, FIVE2(x)) | x € [1, 10] }, where

FIVE2Gx)=e ™% xe[1,100 e, 3.5)

Both membership functions are graphically shown in Figure 8.2.

1 14
134 69 4
0.8 j 0.8 4
07 : FIVE1 07 FIVE2
[+X «{ 0.6
0.5 0.5+
04 0.4 4
0.3 0.3 4
0.2 0.2 4
0.1 0.1 4

0+ - 0 i

1 2 3 4 5 6 7 8 9 10 1 Ji 3 4 5 6 7 8 9 10 ‘

- Figure 3.2: Membership functions FIVEI and FIVEZ.

Note that fuzzy sets representing the same concept (in this case, number five) may
vary considerably.

3.3 FUZZY RELATION

Definition 3.2 An n-ary classical(crisp) relation among Aj, ..., As is a subset of

Cartesian product HAi while an n-ary fuzzy relation among Ay, ..., An is a fuzzy set

i=1

- defined on HA,-. O
i=1

In case of n = 2, crisp binary relation indicates whether a given two cbjects are

related or not while fuzzy relation indicates the degree they are related.

Definition 8.8 Given the universal set X, a crisp binary relation R on X that is
reflexive, symmetric and transitive is called an (crisp) equivalence relation. ]

Definition 8.4 For a fuzzy binary relation R on X,

R is reflexive if

Rlx,x)=1; xeX (8.6)
R is symmetric if A
R(x,y)=R{y, x); x,yeX e 3.7
R is transitive if
R(x,y)= max min[R(x,t), REt,y)]; % yeX .o (3.8)
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A fuzzy binary relation R on X that is reflexive, symmetric and transitive is called an
fuzzy equivalence relation (or similarity relation).

Examplé 3.3

O

Given a universal set X = {, ', ‘7, '#'}, consider a binary crisp equivalence
relation C and a binary fuzzy equivalence relation R shown in Table 3.1 and 3.2,

respectively.

Table 3.1: Crisp equivalence relation C.

Table 3.2: Fuzzy equivalence relation R.

RS LR i
—1— 09 0=—=0
w01 0 0
001 0
g 0.0 0 1

ki) k1) o ¥
g (L9 87 0
o 941 8L 0
oy 9 81 1 0
g0 7 AP

It is easy to show that R is reflexive and symmetric. To verify that R is transitive,

substitute x with '’ and y with ‘s, so B(fY, 'A) = .9, then

max min [R(A, £), R, 'a)] =

i

max[ min{ R(f, "0, RCo, '),

min({ R(a';'a), RCa'a)),
min{ RCA, A9, RCa','AY),
min( - R(W, @), R(a, 7)) ]

max[min(l, .9), min(.9, .81), min(.9, .81), min(0, 0)]

max[.9, .81, .81, 0]
0.9, which satisfies condition (3.8).

This example shows how fuzzy set theory gives us more expressive power than the

classical crisp set theory. Let us go to the next basic concept of fuzzy set theory.
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3.4 FUZZY NUMBER

Fuzzy number is basic concept of fuzzy quantifiers, which are used to evaluate the
truth values of quantified fuzzy propositions in Chapter 4.

Definition 8.5 A fuzzy number, A is a fuzzy set defined on R (set of real numbers)
and A must capture the intuitive conception of a set of numbers such as follow:

r

G; x<a
f(x); x ela,b]

A(x) =31 xefbcl e, (3.9)
g(x); xefed] '
0 x>d

where a £b <c <d and [ is a continuous function that increases to 1 at point b, and
£ is a continuous function that decreases from 1 at point c.

It is easy to check that CRISP-FIVE, FIVE] and FIVE?2 are fuzzy numbers. Let us
go to the next important basic concept of fuzzy set theory.

3.5 OPERATIONS ON FUZZY SETS

Operations on fuzzy sets are basic concept of truth value evaluation of fuzzy
propositions in Chapter 4. There are three main types of operations: complement,
intersection and union.

3.5.1 FUZZY COMPLEMENTS

Definition 8.6 Let A be a fuzzy set on X. The fuzzy complement of A, is defined by

A ={(x,clAN lxeX} (8.10)

where ¢ is o fuzzy complement function, which is any function ¢ : [0, 1] — [0, 1] that
satisfies the following axiomatic skeleton for fuzzy complement functions:

Axiomcl. c@)=1andc(l)=0 : (crisp boundary conditions)
Axiom ¢2. x <y implies ¢(x) 2c(y) (monotonicity)

The following axioms are optional:

Axiom ¢3. ¢ is a continuous function (continuity)
Axiom c4. Vxel0, 1]: cle(x)) =x (involution) ]
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Here are some fuzzy complement functions:

® Standard:

c(xy=1-x e 3.11)

e Cosine:
@y=iresm) 3.12)

2
° Sugeno's:
1-x

=—=": Ae(-Lwo) . 3.13
g (%) ST € (~1,%) (3.13)

® Yager's:
@) == we @) . (3.19)

3.5.2 FUZZY INTERSECTION

Definition 3.7 Let A, B be two fuzzy seis on X. The fuzzy intersection of A and B, is
defined by
AN B={(x i(A(x), B(x)) | x e X}

where i is a fuzzy intersection function, which is any function i : [0, 1]x{0, 1]-{0, 1] |
that satisfies the following axiomatic skeleton for fuzzy intersection functions:

Axiom il. i(x, )=x

Axiom i2. y <y'impliesi(x, v) <i(x, y')
Axiom i3. i(x, y)=i(y, x)

Axiom i4.  i(x, i(y, 2)) =i(i(x, v), 2)

The following axioms are optional:

Axiom i5.  iis a continuous funciion
Axiom i6. i(x, x)<x
Axiom i7. x<x'andy <y'impliesi(x, y) <i(x',»y’)

Here are some fuzzy intersection functions:

e Standard:
Imax (x, y) = min(x> y)

® Algebraic product:
Lop (%, ¥) = xy

e Bounded difference:
iba= max(0, x+y-1)

(crisp boundary condition)
(monotonicity)
(commutativity)
(associatively)

(continuity)
(subidempotiency)
(strict monotonicity) ]
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® Drastic:
x;, y=1
tmin (2,y)=<y; x=1 e 3.19)
- 0; otherwise
® Yager's: .
iy (5,9) =1-min 1[0 2 + @) ] ); W50 oo (3.20)

3.5.3 FUZZY UNION

Definition 3.8 Let A, B be two fuzzy sets on X. The fuzzy union of A and B, is

defined by

AUB={{xu(Ax), Bx) | x X}

where u is a fuzzy union function, which is any funciion u : [0, 1]x]0, 1]-[0, 1] that
satisfies the following axiomatic skeleton for fuzzy union functions:

Axiomul. ufx, 0)=x

Axiom u2. y <y'impliesu(x, y) <ufx, y')
Axiom ud. u(x,y)=ul, x)

Axiom ud  u(x, u(y, 2)) = ululx, y), 2)

The following axioms are optional:

Axiom ud. uisa continuous function
Axiom ub. ulx,x)>x
Axiom u7. x<x'andy<y'impliesi(x, y) <i(x’, y’)

Here are some fuzzy union functions:

® Standard:
Umin(x, ¥)= max(x, y)

® Algebraic sum:
Uas(%, y) =% +y —xy

® Bounded sum:
ubs(x, y) =min(l, x+y)

® Drastic:
x; y=0
Unax(%, ¥) = 4y; =0
1; otherwise

(crisp boundary condition)

(monotonicity)

(commutativity)

(associatively)

(continuity) -

(superidempotency)

(strict monotonicity) N
............... (3.22)
............... (3.23)
............... (3.24)
............... (3.25)
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® Yager's:

u,(x,y) = min(l, [x"’ + ¥ ]”w); w>0 (3.26)

Definition 3.9 A fuzzy set A defined on X is of type-1 if its membership function A
is a mapping from X to [0, 1]. Aisof type-k fork=2, 3, ... if A is a mapping from X
to the set of fuzzy set of type-(k-1). For simplicity, it will always be understood that A
is of type-1 if it is not specified to be of a higher type. , O

Note that the more comprehensive theoretical treatments on the theory can be found
in [Zadeh 1965, 1966, 1968, 1975, 1978, 1988, 1989 and 1996], [Klir and Yuan,
1995], [Kandel, 1986], [Lin and Lee, 1996] and [Yen, 1999] [Klir, Clair and Yuan,
1997] is well suited for the beginners.



CHAPTER 4
TRUTH VALUES APPROXIMATION OF
BACKGROUND KNOWLEDGE

In this chapter, we will explain the truth values evaluation procedures of fuzzy
propositions and introduce all fuzzy sets used in experiments in Chapter5. All fuzzy
propositions in our research can be divided into three basic types: atomic, compound
and quantified [Zadeh, 1988]. Each type will be described in Sections 4.1, 4.2 and
4.3, respectively. Finally, Section 4.4 gives detail about a truth transformation
technique.

4.1 ATOMIC FUZZY PROPOSITION

Definition 4.1 An atomic fuzzy proposition is a sentence of the form

-

IS ASRBRV VNS ™ 4.1

where "A" is some concept such as young, old, large or left-botiom while x refers to an
object in the domain. The truth value of p, which is denoied by TQJ) is defined to be
the membership degree to which x belongs to the fuzzy set thai is used to represent
concept "A", that s,

Tp)=T(xis A =Alx) (4.2)

Example 4.1
Consider the fuzzy sets FIVEI and FIVEZ in Chapter 3. Let p be the
proposition "4 is around 5".

® If we use fuzzy set FIVE] to represent the concept "around 5", then
1 .
T(p) = FIVEI(4) = ————— = 0.5 (see Figure 4.1 left).
®) @ = 73—z = 08 (see Fiu )

® If we use fuzzy set FIVEZ2 to represent the same concept, then
T(p) = FIVE2(4) = e =0.3678 (see Figure 4.1 right).

Generally, in this research, we define a fuzzy set namely FuzzyAround:k:xo: to
represent the concept "around xo" as

FuzzyAround : k : x0:={ (x, eHERy | xe®Y (4.3)

where % is a constant factor of the exponential function. Many propositions in our
background knowledge employ this fuzzy set with their own k. It is easy to check
that FuzzyAround:k:xo is a fuzzy number.
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Figure 4.1: Truth values of the proposition "4 is around 5" using FIVE] and FIVEZ.

Example 4.2 .

In [Supanwansa, 2540], each character image is composed of primitive vectors.
There are two types of primitive veetors: line vectors and circle vectors. (see Figure
4.2).

21
3 0 / T ,‘ \\ //-\\\ P

8 9 10 11 12

Figure 4.2: Primitive Vectors

The primitive vectors of type O to type 7 are used to represent lines while the
primitive vectors of type 8 to type 12 are used to represent circles. The primitive
vectors of type O are the lines whose its angle lie in octant 1, and so on. The
primitive vector of type 8 is the circle that does not connect to any line. The
primitive vector of type 9 is the circle that connects to a line at quadrant 1, and so
on.

Next, the similarity on primitive vectors are defined in the fuzzy relation namely
PrimitiveVectorsRelation which is a fuzzy set defined on the set of primitive vector
types {0, 1, ..., 12} (see Table 4.1). In Table 4.1, P_S is the similarity value for line
vectors and P_Z is for circle vectors. Both P .S and P Z € [0, 1] and they are
obtained by the experiments while the blank cells indicate the value 0.

Table 4.1: Fuzzy relation PrimitiveVectorsRelation.

0 1 2 3 4 5 8 7 8 9 10 i1 12
0 1 PSS PSS
1 P S 1 P S
2 P S 1 PS
3 ES 1 P_S*
4 P S 1 PSS
5 PS 1 P S
6 P S 1 PSS
7 P S PSS 1
'8 1 PZ PZ PZ PZ
9 PZ 1 PZ >
10 PZ PZ 1 P Z
11 P Z P Z 1

b---ll‘v
N

12 PZ PZ P Z
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Let x denote a primitive vector, and suppose we have a proposition p = "Primitive
type of x is 4". The truth value of this proposition can be computed as follows:

STEP 1: Find the actually primitive type of x, say 3.

STEP 2: The truth value of p is assigned to be the membership grade to which
the 2-tuple (3, 4) belongs to the fuzzy relation PrimitiveVectorsRelation, which is
P_S. (notice * in Table 4.1)

Example 4.3

In [Supanwansa, 2540], primitive vector zones (or vector zones) are used to
address the position of vectors. We address the position of a vector using its starting
zone and its ending zone. The vector zones consist of eight zones: zone 0, zone 1, ...,
zone 7 (see Figure 4.3). Next, the similarity on vector zones are defined by the fuzzy
relation namely VectorZonesRelation which is a fuzzy set defined on the set of vector
zones {0, 1, ..., 7}. (see Table 4.2) The value Z S € [0, 1] is obtained by the
experiments while the blank cells indicate the value 0.

-

Figure 4.3: Vector zones

Table 4.2: Fuzzy relation VectorZonesRelation.

0 1 2 3 4 5 6 7
0 i zZ8S ZS8 Z8§8 Z8 ZS8
11 Z8 1 zZs zZ_8 S
21Z8 Z38 1 ZS Z8
3128 1 Z5 ZS8 ZS
41 Z8S ZS8 Z. 8 1 Z8
B ZS zZ8 ZS 0 1
6 zZS Z8 1
7 ZS ZS8 1

- To use this fuzzy relation, let V and V* be two primitive vectors shown in Figure 4.3;
- Vstarts in zone 0 and ends in zone 1 while V* starts in zone 5 and ends in zone 1.

The truth value of the proposition p1 ="V starts in zone 4" is computed as follows:

STEP1: Find the actually starting zone of V, which is 0.

STEP2: Analogous to Example 4.2, T(p1) is assigned to be the membership grade
to which the 2-tuple (0, 4) belongs to the fuzzy relation VectorZonesRelation, which
is Z_S, e.g., 0.25.
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Next, the truth value of the proposition pz = "V* starts in zone 4" is computed as
follows:

STEP1: Find the actually starting zone of V¥, which is 5.
STEP2: Analogously, T(pz2) is assigned to be the membership grade to which the
2-tuple (5, 4) belongs to the fuzzy relation VectorZonesRelation, which is 0.

Example 4.4

e g . . oo Ty . — — =

Figure 4.4: Five levels of Thai writing system.

Let us consider Figure 4.4. Thai characters are written in five levels, that are, level
1 to level 5. Thus, the level of each character in the string "Ufifa" are 2, 4, 1, 3, 5

and 3, respectively. We define a fuzzy set on {1, 2, 3, 4, 5}x{1, 2, 3, 4, 5}, namely
FuzzyLevelsRelation to express the matter of degree these levels are related. (see
Table 4.3). The value L_S € [0, 1] is obtained by the experiments while the blank
cells indicate the value 0. The method of using this fuzzy set is analogous to the"
previous examples.

Table 4.3: Fuzzy relation FuzzyLevelsRelation.

1 2 3 4 5
1

1 LS
LS 1 LS

LS 1

G QO B =

1

We will introduce another type of fuzzy proposition in the next section.

4.2 COMPOUND FUZZY PROPOSITION

A compound fuzzy proposition is composed of propositions connected with logical
connectives: negation connective, conjunction connective, disjunction connective and
implication connective. Each of these connectives will be described in subsection
4.2.1, 4.2.2, 4.2.3 and 4.2.4, respectively.

4.2.1 NEGATED FUZZY PROPOSITION
Definition 4.2 A negated fuzzy proposition is a fuzzy proposition of the form
p="-®@ (4.4)

where @ is any fuzzy proposition. The truth value of p is defined as
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T(p) = T("-2") = o(T(P)) eneeren(4.5)
~ where ¢ is any fuzzy complement function. il
Here, we employ the standard fuzzy complement function, ¢ (x) = 1-x.

Example 4.5

Let V be a primitive vector and p be the proposition "V does not start in zone
4", Clearly, p can be converted into the equivalent proposition "—(V starts in zone
4)". In order to find T(p), we do the following steps:

STEP1: Find 7("V starts in zone 4"), which is 0.25 by Example 4.3.
STEP2: T("V does not starts in zone 4") = T(""'u(V starts in zone 4)")= c(T("V
starts in zone 4") = 1-0:.25 = 0.75.

~ 4.2.2 CONJUNCTION OF FUZZY PROPOSITIONS

Definition 4.3 A conjunction of fuzzy propesitions is a propositicii of the form
DE"PATV AN NN (4.6)

where @ and I"are any fuzzy propositions. The truth value of p is defined as

- T) =T("eAM)=yT(®), T(I) = e 4.7
where i is any fuzzy intersection function. . O
Here, we employ the standard fuzzy intersection function, i(x, y) = min(x, y) .

Example 4.6

Let p be the proposition "(—®PADA—(OAY)" where @, T, ® and ¥ are some fuzzy
propositions. Using standard fuzzy complement function and algebraic products,
then

T() T'(—PAD)IA(OATP)")

{T("-OAT™), T("=(@AP)")
(T("—@"), T(I), ¢ (T("'SAT"))
Wi(T(C =", X)), ¢ GT(®), I
W(ic(T(@)), TI)), ¢ (T(®), T()))
([I-T(@))xTONH=(1- [T@)xT(¥D

0.5, T(M) = 0.6, T(®) = 0.7 and T(¥) = 0.8, then
([1-0.5]x0.6) x (1~ [0.7x0.8])

0.3x0.44

0.1452

I I 1 T ||

Suppose  T(®)
T(w)

i uwun

Next, let V be a primitive vector and p be the proposition "V starts in zone 4 and V
does not start in zone 4". p can be rewritten as the proposition "®A—®" where ®
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stands for the proposition "V starts in zone 4". By Example 4.5, we got T(®) = 0.25
and 7(—®) = 0.75. Therefore, we have the following.

, o If we use the standard fuzzy intersection function, then Tp) = i(T®), T
(—®)) = min(0.25, 0.75) = 0.25.

e Ifwe use algebraié product, then T(p) =i (T(®), T(—®)) = 0.25x0.75 = 0.1875.
Here, T(p) is not equal to 0 even p is of the form "®A—-D".

Let us go to the next type of the compound fuzzy proposition.

4.2.3 DISJUNCTION OF FUZZY PROPOSITIONS
Definition 4.4 A disjunciion of fuzzy propositions is a proposition of the form
N p =" N (4.é)
where @ and I" are any fuzzy propositions. The iruth value of p is defined as
Te)=TC'Dv)=wT(D), TA) . (4.9)
where u is any fuzzy union funciion. NS
In this work, we employ standard fuzzy union function, u(x, y) = max(x, y).
Example 4.7
Let V be a primitive vector and p be the proposition "V starts in zone 4 or V
does not start in zone 4". p can be rewritten as the proposition "®v—®" where ®
stands for the proposition "V starts in zone 4".
By Example 4.4, we got T(®) = 0.25 and 7T(—®) = 0.75. Therefore, we have the

following.

e If we use the standard fuzzy union functmn then T(p) = u(T(®), T(—D)) =
max(0.25, 0.75) = 0.75.

e If we use algebraic sum, then 7T(p) = u(T(D), T(—D)) = 0.25 + 0.75 - 0.25 x
0.75=1-0.1875 = 0.8125. '

Here, T(p) is not equal to 1 eveh p is of the form "dv—-0",
Let us go to the last type of the compound fuzzy proposition.
4.2.4 IMPLICATION OF FUZZY PROPOSITIONS
Definition 4.5 An implication of fuzzy propositions is a proposition of the form

p="®>" (4.10)
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where @ and I are any fuzzy propositions. The truth value of p is defined as

Tp)=T("0=>I")=IT(®), (1)) .. (4.11)

where 1 is a fuzzy implication function. I should be an extension of the classical
implication from the resiricted domain {0, 1} into the full domain [0, 1] of the truth
values in fuzzy sense. The following properties may be viewed as optional reasonable
axioms of fuzzy implication functions.

Axiom I1. o <bimplies I{a, x) >(b, x) {monotonicity in first argument)
This means that the truth value of fuzzy implications increases as the truth value of
the antecedent decreases. :

Axiom I2. a <bimplies I(x, a) <(x, b) ' (; monotonicity in second argument)
This means that the truth value of fuzzy implications increases as the truth value of
the consequent increases.

Axiom I3, I1(0,x)=1 (dominance of falsity)
This means that the falsity implies everything.

Axiom I4. I(1, x)=x (neutrality of truth)
This means that the truth does not imply anything.

Axiom I5.  I(x, x)=1 (identity)
This means that the fuzzy implications are true whenever the truth values of the
antecedent and consequent are equal.

Axiom I6. I(a, I(b, x))=I(b, I(x, a)) {(exchange property)
This is a generalisation of the equivalence of a—(b—x) and b—{a—x) that holds for
the classical implication.

Axiom I7. I(x,y)=1iffx<y (boundary condition).
This means that fuzzy implications are true if and only if the consequent is at least
true as the antecedent.

Axiom I8. I{a, b) = I(c(b), c(a)) for a fuzzy complement function c.

(contraposition)
This means that fuzzy implications are equeally true when the antecedent and
consequent are exchanged and negated. :

Axiom I9. 1isa continuous function (continuity)

This property ensures that small changes in the truth values of the antecedent or
consequent do not produce a large (discontinuous) changes in the truth values of
fuzzy implications. ]
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Here are some fuzzy implication functions:

e Zadeh’s:
T I(x, y) = max[l-x, min{x, )] = e (4.12)
o (Gaines-Rescher's:
L x<y
I, y)=<_" "~"""" . 4.13
(*,9) {0; >y (4.13)
e  Gddels:
I b :
I(x,9) ={ PRV (4.14)
Y, x>y
o Lukasiecwicz’s:
I(ag, yy=min(l, I-x+y) (4.15)

It should be note that there is no proposition of the implication form in our
background knowledge.

So far, all of compound fuzzy' propositions are described. The next section will
introduce another type of fuzay proposition. ~

4.3 QUANTIFIED FUZZY PROPOSITION

In this research, three types of fuzzy quantifiers are used to quantify a fuzzy
proposition: existentially fuzzy quantifier, universally fuzzy quantifier and fuzzy-
number based fuzzy quantifier. They will be described in subSections 4.3.1, 4.4.2
and 4.4.3 respectively.

4.3.1 FUZZY PROPOSITION QUANTIFIED WITH EXISTENTIALLY FUZZY
QUANTIFIER

‘Definition 4.6 A fuzzy proposition quantified with existentially fuzzy quantifier
is a proposition of the form

p="Fvel: AW)" . . (4.16)

where A(v) is some predicate involving variable v. L is o finite set of objects. This
proposition reads "There is some v in L that is A", and the truth value of p is defined
as i

T(p) = T("Fvel: A(v)") = zgag[T(A(v )] 4.17)

where A(v « x) is the proposition which is obtained by substituiing all occurrences of
variable v with x, in A. N
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Example 4.8

In [Supanwansa, 2540], there is a proposition EndPointTopRight which is
defined by the following PROLOG code [Clocksin and Mellish, 1984]. L stands for a
finite list of primitive vectors.

EndPointTopRight (L) : - member (V, L), endpoint(V, -1},

startzone(V,1), endzone(V, 1).

EndPointTopRight (L) : - member (V, L), endpoint(V, -1),
startzone(V,2), endzone(V,1).

Clearly, EndPointTopRight is equivalent to the proposition g defined by,

g ="3vel: (vis EndPoint)A(v starts in zone 1)A(v ends in zone 1) v
JveL: (vis EndPoint)A(v starts in zone 2)A(v ends in zone 1)" }

Mathematically, g is equivalent to the proposition p defined by,
p ="3vel: (vis EndPoint)A(v starts in zone 1vu starts in zone 2)A(v ends in zone 1)"

Since L is finite, suppose L is {x1, 2, ..., x¢} and suppose the truth values of each
atomic fuzzy propositions in p are shown in Table 4.4 below:

Table 4.4: The truth values of atomic propositions in Example 4.8,

substitution | T("vis EndPoint”) T("vstartsinzone1") T('vstortsinzone2”) T(vendsinzonel”
U< x1 1 1 0.25 0.25
U X2 1 0.25 0.25 0.25
U< X3 1 0 0 1
U 4 X4 1 0 1 0.25
U X5 0 0.25 - 0.25 )
U < X5 1 0 0.25 1

Note that, in this research, the concept "is EndPoint" is crisp, because there is no
information that we can use them to form a fuzzy set that represents concept "is
EndPoint".

If we use i(x, 3) = xy and u(x, y) = max(x, ), then the truth values T("(v starts in
zone 1v v starts in zone 2)") will be shown in Table 4.5. Next, the truth values T("(v
is EndPoint)A(v starts in zone 1vu starts in zone 2)A(v ends in zone 1)") will be given
in Table 4.6.

Table 4.5: T("v starts in zone 1vv starts in zone 2").

substitution T("v starts in zone Iv v starts in zone 2")
TR max(l, 0.25) =1
U X2 max(0.25, 0.25) = 0.25
U X3 max(0,0)=0
U< x4 max(0,1)=1
U« X5 max(0.25, 0.25) = 0.25
U X8 max(0,0.25) = 0.25
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Table 4.6: T("(v is EndPoint)A(v starts in zone 1vv starts in zone 2) A(v ends in zone 1)").

substitution T("(v is EndPoint)A(v starts in zone Iv v starts in zone ) A
(v ends in zone 1)")
U X1 Ixix0.25 = 0.25
T = U x2 1x0.25%0.25 = 0.0625

VX3 Ix0x1=0

U x4 Ix1x0.25 = 0.25

U4 X5 0x0.25x0=0

U X 1x0.25x1 = (.25

Finally, T(EndPointTopRight) = max[0.25, 0.0626, 0, 0.25, 0, 0.25] = 0.25.
We now ready to go to the next type of fuzzy quantifier.

4.3.2 FUZZY PROPOSITION QUANTIFIED WITH UNIVERSALLY FUZZY
QUANTIFIER

Definition 4.7 A fuzzy proposition quantified with uniwersally fuzzy quantifier is a.
proposition of the form
p ="weL: A@w)" .. (4.18)

where A(v) is some predicate involuing variable v. L is a finite set of objects. This
proposition reads "All v in L are A", and the truth value of p is defined as

T(p) = T("Voels A©)) = minfP(A© « )] ... 419)

where A(v ¢« x) is the proposition which is obtained by substituting all occurrences of
variable v with x, in A. : O

Note that there is no proposition of this form in our background knowledge.

Let us go to the last type of fuzzy quantifier.

4.3.3 FUZZY PROPOSITION QUANTIFIED WITH FUZZY-NUMBER BASED
FUZZY QUANTIFIER

Definition 4.7 A fuzzy proposition quantified with fuzzy-number based fuzzy
quandiifier is a proposition of the form

p ="Quel: AW)" . (4.18)

where A(v) is some predicate involving variable v. L is a finite set of objects. @ 1is
fuzzy-number based fuzzy quaniifier which is a fuzzy number used to represent the
concept of some quantity, such as "Around five", "More than nine” or "Most".

This proposition reads "@ v in L are A" and the truth value of p is defined to be the
membership grade to which the sigma count, ZT(A(ve—x)) belongs to the fuzzy

xekl

quantifier Q, that is,
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T(p) = T("QueL: A(v)") = Q > T(Aw « x))J ......... (4.19)

xel

" where A(b<=x) is the proposition which is obtained by substituting all of occurrences
of variable v with x, in A. ]

Example 4.9

Let us consider another proposition used in this research. Let x = (xo, ..., x7) and
y = (yo, ..., ¥7) be two eight-tuples of natural numbers. x; or y; is the total number of
the i** vector zone used by some primitive vector in a given character (e.g., if some
vector starts in zone 2, we increase x2 by 1; if some vector ends in zone 3, we also
increase x3 by 1).

Let U be the universal set of vector zones {0, 1, ..., 7}, then the similarity between x
and y can be viewed as the truth value of the fuzzy proposition p which is quanmﬁed
with fuzzy-number based fuzzy quantifier:

p="MostieclU:xiisclosedtoy” ... (4.20)
If we employ FuzzyAround:ki:| U |: to represent concept "Most”, then
7 .
T(p) = FuzzyAround : k, : | U |: {ZT("xi is closed to y; ")J .......... 4.21)
i=0

For each i € {0, ..., T}, if we use fuzzy set FuzzyAround:kzyi: to represent concept "is
closed to 3", then 7(p) become

T(p) =FuzzyAround : k, : | U|: (Z FuzzyAround kyty; i (x; )] ....... (4.22)

i=0

Suppose FuzzyAround: kz: yo: (x0) = 0.9, FuzzyAround: kz: y1: (x1) = 0.8,
FuzzyAround: kz: y2: (x2) = 0.7, FuzzyAround: ke : y3: (x3) = 0,
FuzzyAround: k2 : y4: (xa) = 0.1, FuzzyAround: k2 : ys: (xs5) = 0.2,
FuzzyAround: kz: ys : (xs) = 0.4 and FuzzyAround: kz:y7: {x1) = 1.

7
Then ZFuzzyAround vhy vy () = 9+ 8+ TH0+1+2+441 = 4.1,
i=0

Suppose k1 = 1, then finally, T(p) = FuzzyAround: k, :8:(4.1) =e®*! =732 = 0.02.

From this point, let us verify our definition. Assume that x is identical to y, then

{1
T(p) FuzzyAround : k, : 8: ZFuzzyAround 1Ryt x; 1 (x; )]

\ i=0

]

7
FuzzyAround : k, : 8: (Z eo)

= FuzzyAround : k, :8: Zl]




26

il

FuzzyAround : k, :8:(8)

1, which is correct because x is maximally similar to itself.

H

Example 4.10
In [Supanwansa, 2540], there is a proposition p of the form "There are around
n primitive vectors in the list L that are of type a". This is a fuzzy proposition

quantified with a fuzzy-number based fuzzy quantifier, and the truth value of p is
defined as

xel

T(p) = FuzzyAround:k:n: (Z T("x is primitive of type a" )) .......... (4.23)

The computation procedure is analogous to Example 4.8.

Suppose n =5, L = {x1, x2, x3, X4, X5, %oy, k= 1 and
T("x1 is primitive of type g") = 0.1, T("x2 is primitive of type a") = 0.3,
T("x3 is primitive of type a") = 0.5, T("x4 is primitive of type a") = 0.4,
T("xs is primitive of type @") = 0 and  7("xs is primitive of type ") = 1. -~

So, ZT("x is primitive of type a") = 0.1+0.3+0.5+0.4+0+1=2.3

xeL

Finally, T(p) = FuzzyAround:1:5:(2.3) = ¢ 723 = ¢27=0.07.

Example 4.11

In [Supanwansa, 2540], there is a proposition p of the form "There are more
than n primitive vectors in the list L that are of type o". This is a fuzzy proposition
quantified with a fuzzy-number based fuzzy quantifier, and the truth value of p is
defined as

T() = FuzzyGreaterThan:k:xo:(Z T("xis primitive of type a" )) .......... (4.24)
’ xeL
where
L x>x
FuzzyGreaterThan:kxo:(x) =4k x=2 = ceveonn (4.25)

0; otherwise

Suppose n =5, L = {x1, x2, x3, x4, x5, X6}, k= 1 and
T("x1 is primitive of type a") = 0.1, T("x2 is primitive of type a™) =0,
T("x3 is primitive of type a") = 0.5, T("x4 is primitive of type ¢") = 0.4,
T("xs is primitive of type a”") =0 and  7("xs is primitive of type a") = 1.

So, ZT("x i1s primitive of type a") = 0.1+0+0.5+0.4+0+1 = 2.0

xel

Finally, T(p) = FuzzyGreaterThan:0.5:2.0:(2.0) = 0.5.
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We also provide the fuzzy set namely, FuzzyLessThan:xo:n: defined as

L x<x
- FuzzyLessThan:kxo:(x) = k; x=%¢ oo, (4.26)
0; otherwise

Sofar, we are always able to find the truth value of every proposition in the
background knowledge because they must be one of the basic three types: atomic,
compound or quantified. Figure 4.5 shows the conclusion of the fuzzy truth values
evaluation procedure. :

The full list of fuzzy propositions used in this research can be found in Appendix B.

function T(p : fuzzy proposition) : [0, 1];

{
- case p of
{
"x ig A™ T=A(x);
" T'= e(T(D));
"OAT™: T'={T(®@), TO));
"V 7= u(T(@), TD));
"I T = [(T(®), TI));
"Jvel: A" T:= IES,X[T(A(U « x))];
“wveL: At T:= 1?iLn[T(A(U <« )
MQuel: AW T= Q(Z T(A@ « x)));
xeL
}
}

Figure 4.5: Conclusion of the truth values evaluation procedure.

4.4 TRANSFORMATION OF TRUTH VALUES

Some technique can dramatically increase recognition accuracy while decreases the
amount of time required for training the BNN.  Before the fuzzy(also for crisp) truth
values are sent to the BNN for learning or for recognising, we transform these truth
values which range in [0, 1] into another range [-1, +1] by the mapping f defined by

foo) =2x-1 4.27)

It follows that, f(0) = -1, f(1) = +1 and f(0.5) = 0. For example, applying (4.27) to a
vector {1 0 0.5 0.1 0.9]T gives [f(1) f(0) f(0.5) f(0.1) f(0.9)]T whichis [+1 -1
0 -0.8 +0.8]T.

The experimental result using these truth values will be given in the next chapter.



CHAPTER 5
EXPERIMENTAL RESULTS

We run experiments to test our hypothesis. First of all, before FST is applied, we
determine by experiments the most optimised configuration of the BNN, i.e., the
learning rate, the momentum and the convergence condition. This is important in
the same sense we optimise the serial algorithm before we parallelise it. The best
BNN configuration ensures us the worth of our method, if any worth.

5.1 DATA SET

All training and test characters in our experiments are printed by a 300-dpi laser
printer and scanned into the computer with the same resolution scanner.

Let E and.C stand for the sets of Eucrosia and Cordia fonts, respectively. Let Edarker
and Cderker denote noised Eucrosia and noised Cordia fonts, which are obtained by
copying the images by a photocopy machine with darker setting, respectively.

In the same way, let Elishter and Clighter denote noised Eucrosia and noised Cordia
fonts, which are obtained by copying the images by a photocopy machine with lighter

setting, respectively. These images consists of 77 different Thai characters (1, ... ;
'w") and 7 sizes (20, 22, 24, 28, 32, 36 and 48 points).

Therefore, the size of each character set ( | E|, | C|, | Edorker| | Cdorker| | [lighter| or
| Clighter| ) is equal to 77x7 = 539. '

5.2 EXPERIMENTAL RESULTS

There are three cases of experiments for testing, i.e., noisy images, unseen noise-free
images and unseen noisy images., We compare our proposed method with the exactly
match ILP [Supanwansa, 2540] and the optimised ILP&BNN [Kijsirikul and

Sinthupinyo, 1999]. :

Experiment 1:

The training set is E\UC. The test set is EderkenyCdarker Jlighter y( lighter The size of the
training set is | EUC| = 2x589 = 1,078 while the size of the test set is | Ederkeny
Cdorken Bllighten y(Chighter | = 4x539 = 2,158.

Experiment 2:
The training set is E. The test set is C. The size of the training set is |E| = 539
while the size of the test setis | C| = 539.

Experiment 3:

The training set is E. The test set is Edarken (Cdarker Flighten (C lighter The size of the
training set is |E| = 539 while the size of the test set is [ Edorken y(CdarkenFlighter )
Clighter| = 4x539 = 2,158.
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The recognition accuracy of all experiments are shown in Table 5.1 below:

Table 5.1: Recognition accuracy of all experiments.
--. (The maximum value in each row is printed in italic face.)

Experiment | #TRAIN  #TEST ILP ILP&BNN  ILP&BNN&FST
1 1,078 2,158 84.23% 94.77% 96.03%
2 539 539 87.69% = 79.48% 82.65%
3 539 2,158 81.80% 84.23% 86.70%
avg, 83.53% 88.39% 30.40%

ILP&BNN yields the improvement only for noisy and unseen noisy images compared
to the exactly match ILP. In the case of unseen noise-free images, ILP provides the
highest accuracy among the three methods. However, ILP&BNN&FST always gives
better recognition accuracy than ILP&BNN.

Next, Tables 5.2, 5.8 and 5.4 show the recognition accuracy of Experiment 1, 2 and 3
reported separately by each character. Table 5.5 shows the average recognition -
accuracy of Experiment 1, 2 and 3 reported separately by each character. Figures
5.1, 5.2, 5.3 and 5.4 are graphical representations of Tables 5.2, 5.3, 5.4 and 5.5,
respectively.



Table 5.2: Recognition accuracy of Experiment 1 reported separately by each
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78.57
89.29
60.71
89.29

85.71

75
85.71
89.29
85.71

5
92.86
85.71
92.86
85.71
85.71
89.29
91.67
89.29
96.43
92.86
64.29
78.57

100

75
85.71
85.71
82.14
96.43

100
92.86
100
96.43
85.71

100
78.57
96.43
85.71

100

02.86
92.86
96.43
100
98.21
89.29
96.43
100
92.86
100
92.86
85.71
92.86
89.29
89.29
96.43
99.40
100
100
100
96.43
100
100
92.86
89.29
92.86
82.14
96.43
100
92.86
100
100
96.43
100
100
100
100
100

92.86
100
96.43
100
98.21
92.86
96.43
100
92.86
100
100
85.71
92.86
92.86
92.86
100
99.40
100
100
100
100
100
100
92.86
100
100
82.14
96.43
100
96.43
100
100
96.43
100
100
100
100
100

character.
ILP___ILP&BNN _ ILPEBNN&FST .
To| 8928 0286 100 ﬂ
a| 88717 sm 92.86 .,
.| 8214 8214 82.14 .
al 8214 8929 89.29 .
al 0 92.86 92.86 )
ol 8214 8029 89.29 "
o 9286 9643 96.43 /
o1 100 100 100 £
ol 9643 96.43 100 !
4| 7143 9643 96.43 4
s 76 80 88 \
ol 1857 9286 100- \
o | 871 92.86 96.43 )
ol 9286  89.29 96.43
g 8519 8519 81.48 y
5| 8929 9286 89.29 .
w| 5714 8.1 82.14 ;
w | 8214 92586 96.43 .
wl 1 100 100 .
ol 6429 8214 92.86 :
nl 7679 9107 96.43 »
ol 100 100 100
ol 9286  92.86 92.86 -
sl 75 100 106 g
.| 8929 9286 89.29 .
u| 8.7 92.86 92.86 .
g 871 9643 89.29 )
ol 9286  89.29 89.29 .
gl 9286 9643 96.43 .
w| 8571 100 100
41 92.86 100 100
5| 9643 100 100 :
u| 89.29 100 100 .
ul| 6071 9286 89.29 §
51 0 100 100 )
o| 8929  96.43 96.43 )
al 8214 100 100 )
| 96.43 100 100
ol 9474 100 100
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Table 5.3: Recognition accuracy of Experiment 2 reported separately by each

character.

ILP _ JLP&BNN _ ILP&BNN&FST w| 100 100 100
al 100 100 100 <1 100 100 50
a 0 28.57 42.86 " 100 100 0
g1 1429 14.29 14.29 - 100 85.71 85.71
al 100 100 100 o 100 64.29 71.43
| 100 100 100 s 100 100 71.43
u| 100 100 100 4| 100 100 85.71
o] 100 100 100 +| 100 100 100
s | 100 85.71 7143 v | 8571 85.71 85.71
a| 100 7143 71.43 2] 100 71.43 71.43
4 100 28.57 42.86 5 100 100 100
7| 8.1 85.71 71.43 = | 100 100 100
o | 8571, 100 85.71 = | 2857 57.14 100
g | 100 7143 100 « | 57.14 64.29 85.71
gl 100 o 71.43 100 100 100
gl 100 100 100 | 100 85.71 28.57
3| 2857 28.57 42.86 o1 100 95.24 95.24
n| 100 100 100 1| 8.1 85.71 100
m | 100 100 100 1| 100 100 100
wl| O 0 0 1| 100 100 100
a| 100 100 100 a | 57.14 57.14 100
n| 85.71 85.71 85.71 « | 100 0 0
a 100 85.71 85.71 160 100 100
n| 100 14.29 85.71 =1 100 100 100
s | 100 0 0 “| 100 57.14 57.14
wl 100 71.43 100 <1 100 100 100
u| 100 14.29 28.57 “| 100 100 100
| 7143 100 100 - | 100 100 100
w| 2857 100 100 ol 100 100 100
J 1 100 92.86 92.86 0| 100 100 85.71
w| 100 100 100 wl 8571 100 100
W| 100 85.71 85.71 - .| 200 100 100
a| 100 100 100 <] 100 14.29 100
| 57.14 85.71 85.71 ¢! 100 57.14 85.71
g | 100 100 100 o | 7143 100 100
5] © 100 100 w | 100 85.71 85.71
g 100 100 100 < | 100 85.71 100
a| 100 57.14 100 « | 85.71 100 100
2| 100 100 100
4| 16.67 16.67 16.67




Table 5.4: Recognition accuracy of Experiment 3 reported separately by each
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78.57
96.43
60.71
92.86
87.5
75
85.71
89.29
85.71
75
92.86
85.71
53.57
67.86
96.43
89.29
92.26
85.71
100
92.86
64.29
82.14
100
75
85.71
92.86
82,14
96.43
160
92.86
64.29
96.43
85.71
100
67.86
96.43
85.71
96.43

85.71
100
85.71
89.29
80.36
100
89.29
96.43
85.71
64.29
92.86
78.57
85.71
73.21
89.29
89.29
92.86
96.43
100
100
67.86
46.43
100
92.86
67.86
92.86

82.14

96.43
100
92.86
100
100
60.71
60.71
100
96.43
96.43
96.43

92.86
100
96.43
100
98.21
92.86
96.43
100
92.86
100
100
85.71
92.86
92.86
92.86
100
99.40
100
160
100
100
100
100
92.86
100
100
82.14
96.43
100
96.43
100
100
96.43
100
100
100
100
100

character.
ILp ILP&BNN  ILP&BNN&FST ¥
n | 89:29 . 92.86 100 o
q | 53.67 60.71 92.86 “
a 39.29’ 42.86 82.14 a
Al 8214 85.71 89.29 .
a | 9286 96.43 92.86 i}
g | 82.14 89.29 839.29 .
.| 92.86 96.43 96.43 ¢
¢ | 100 100 100 .
o | 96.43 5 100 A
9 15 60.71 96.43 -
g 84 88 88 \:
o | 78.57 92.86 100 b
o 85.71 92.86 96.43 A
) 092.86 7.14 96.43
) 88.89 100 81.48 4
5 39.29 57.14 89.29 ':
q | 57.14 82.14 82.14 1
w | 89.29 96.43 96.43 )
w1 1071 39.29 100 1
al 75 85.71 92.86 -
a | 82.14 85.71 96.43 4
al 100 100 100
ni 92.86 60.71 92.86 -
51 92.86 50 100 .
W 1 89.28 82.14 89.29 -
u ! 89.29 53.57 92.86 -
4 | 60.71 78.57 89.29 R
uw | 42.86 85.71 83.28 R
o | 92.86 96.43 96.43 .
w | 89.29 92.86 100 Q
W | 92.86 100 100 J
f 100 100 100 ‘
| 7857 96.43 100 .
| 64.29 89.29 89.29 .
4] 0 100 100 ;
9 89.29 92.86 96.43 6‘
a 100 82.14 100 »
5| 96.43 100 100
a | 4211 57.89 100




Table 5.5: Average recognition accuracy reported separately by each character.

33

ILP __ ILP&BNN _ ILP&BNN&FST
n| 92.86 95.24 100.00
o| 46.43- 5833 76.19
9| 45.24 46.43 59.52
al| 88.09 91.67 92.86
a | 6429 96.43 95.24
u | 88.09 92.86 92.86
o] 95.24 97.62 97.62
| 100.00 95.24 90.48
a| 97.62 80.95 90.48
g | 8214 61.90 78.57
5| 8L90 84.57 82.48
o | 80.95 95.24 95.24
o | 9047 85.72 97.62
a | 95.24 32.14 88.10
a| 9Lse 95.06 87.65
5| 5238 59.52 73.81
o | 71.43 89.28 88.09
m | 90.48 96.43 97.62
o | 2857 46.43 66.67
ol 7976 89.28 95.24
» | 8155 87.50 92.86
. o | 100.00 95.24 95.24
n| 95.24 55.95 90.48
o | 89.29 50.00 66.67
w | 92.86 82.14 92.86
u| 9167 53.57 71.43
J | 7262 91.67 92.86
w| 54.76 91.67 92.86
d ] 95.24 95.24 95.24
w| 9167 97.62 100.00
| 9524 95.24 95.24
a| 9881 100.00 100.00
w7500 94.05 95.24
g | 75.00 94.05 92.86
3| 0.0 100.00 100.00
q| 9286 96.43 97.62
a| 94.05 79.76 100.00
2| 9762 100.00 100.00
4| 5117 58.19 72.22

@

£ @ 0 R 2% a

F

ld.—t.—-!-—ao—ﬂ

# ®» o0

3

2 ] 8 v A A

85.71
95.24
73.81
94.05
91.07
83.33
90.47
92.86
85.71
83.33
95.24
90.47
58.33
70.24
94.05
92.86
94.64
86.90
98.81
95.24
61.91
86.90
100.00
83.33
90.47
92.86
88.09
97.62
100.00
95.33
83.24
97.33
90.67
100.00
72.81
97.33
90.67
93.90

92.86
97.62
94.05
91.67
80.95
96.43
95.24
98.81
88.09
78.57
95.24
88.09
78.57
75.60
92.86
90.48
95.83
94.05
100.00
100.00
73.81
48.81
100.00
95.24
71.43
95,24
88.09
97.62
100.00
95.24
100.00
100.00
57.14
72.62
100.00
94.05
94.05
98.81

95.24
83.33
64.29
95.24
89.28
85.72
92.86
100.00
90.48
90.48
100.00
90.47
95.24
90.48
95.24
76.19
98.01
100.00
100.00
100.00
100.00

66.67

100.00
95.24
85.71

100.00
88.09
97.62

100.00
92.86

100.00

100.00
97.62
95.24

100.00
95.24

100.00

100.00
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Figure 5.2: Graphical representation of Table 5.3.
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Figure 5.3: Graphical representation of Table 5.4.
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Figure 5.4: Graphical representation of Table 5.5.
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5.3 ANALYISIS ON THE IMPROVEMENT

As shown in the experiments, although our method does not improve recognition
‘accuracy of all characters, i.e., some are improved, some are not, in average, around
2% performance up is obtained via our proposed method.

The improved classification accuracy in our experiments are exactly based on the
two things. First, the powerful of combination of ILP and BNN, ie., the high
accuracy of the rule generated by ILP plus the learning ability of the BNN that
makes the rule more flexible for detecting future imperfect characters. However, the
data sent to the BNN is based on crisp set theory, i.e., nothing special is considered
about the nature of the characters, e.g., the level of the character, the quantity or the
angle of the vectors. This prevents the learning ability of the BNN.

Second, FST extends the learning ability of the BNN by considering the nature of
the character using several defined fuzzy sets. Thus, FST contributes to the bridge of
the gap between the hard binary truth values 0 and 1. More precisely, FST affects
the changing of synaptic weights, and this make BNN more flexible for recognising
future imperfect characters.
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APPENDIX A

STRUCTURE OF THE BNN USED.

#define NPATTERNS 77
#define N HIDDEN NPATTERNS
#define IPU 11
#define N _INPUTS 847

DefineBlackBox nn

{

OutputLayer-> Output Layer
InputSize-> N _INPUTS
Components->

{

PdpNode Output Layer [NPATTERNS]

{
/
PdpNode Hidden Layer [N HIDDEN]

{
/

InputsFrom-> Hidden Layer

InputsFrom-> SINPUTS (with a [IPUx1]

Tessellation)



APPENDIX B

FULL LIST OF PROPOSITIONS IN C.

/I Borland C++ 3.1
extern unsigned _stklen=16000;

#include <object.h>
#include <fstream.h>
#include <dos.h>
#include <string.h>
#include <stdio.h>
#include <conio.h>
#include <stdlib.h>
#include <ctype.h>
#include <math.h>
#include "dlistimp.h"
#include "shddel.h"
#include "ldate.h"
#include "ltime.h"

#define PIE  22.0/7.0
#define YES  (Truth) 1.00
#define NO  (Truth) 0.00

#define ListType  BI_DoubleListimp

#define IteratorType BI_DoubleListlteratorimp

typedef char String[1024];
typedef char SmallString[64];
typedef float Truth;

typedef int SectionlDType;
typedef int LevelType;
typedef int ZoneType;
typedef int PrimitiveType;
typedef float NaturalNO;

Truth  DEBUG_CHAR_INFO_MODE=NO;

Truth DecisionList[249-161+1];
SmallString CharsAssoc[249-161+1];

ListType<char> List;
IteratorType<char>  I(List);

SmallString CharName;
LevelType Level;

float Ratio;
SmallString RatioString;
ZoneType Zone;

ListType<SectionIDType> C;
ListType<ZoneType>  JL,U;
NaturalNO CountZone_J[8];
NaturalNO CountZone_L{[8];
NaturalNO CountZone_UJ[8];

SectionIDType HeadSectionID;
String input;

Truth Max(Truth x,Truth y)
{
if (x >=y)
return x;
else
return'y;

}

Truth Min(Truth x, Truth y)
{
if (x<y)
return x;
else
returnyy;

}
Truth DrasticIntersection(Truth a, Truth b)

{
if (b==1)
return a;
else
if (a==1)
return b;
else
return 0;

Truth CosinicComplement(Truth a)
{
I return (1.0+cos(PIE*a))/2.0;

}
Truth StandardComplement(Truth a)
{

return 1-a;

}

Truth NOT(Truth x,Truth p=-0.5)
{

return 1.0-x;
I return (1.0-x)/(L.0+p*x);/l p in (-1,infinity)
I return pow(1.0-pow(x,p),1.0/p);// - p in (0,infinity)
Il return x<=p ? 1: 0;
I return CosinicComplement(x);

}

Truth AND(Truth x1,Truth x2)
{

I return Drasticintersection(x1,x2);
return Min(x1,x2);

}
Truth AND(Truth x1,Truth x2, Truth x3)

return AND(AND(x1,x2),x3);
}

Truth AND(Truth x1,Truth x2,Truth x3,Truth x4)

{
return AND(AND(x1,x2,x3),x4);
}

Truth AND(Truth x1,Truth x2, Truth X3, Truth x4, Truth
X5)

{
return AND(AND(x1,x2,x3,x4),x5);
}

Truth AND(Truth x1, Truth x2, Truth x3,Truth x4, Truth
x5,Truth Xx6)

{
return AND(AND(x1,x2,x3,x4,x5),X6);
}

Truth AND(Truth x1,Truth x2, Truth x3,Truth x4, Truth
x5,Truth X6, Truth x7)

return AND(AND(x1,x2,x3,x4,x5,X6),X7);
}

Truth AND(Truth x1,Truth x2, Truth x3,Truth x4, Truth
x5, Truth X6, Truth x7,Truth x8)

{
return AND(AND(x1,x2,x3,x4,x5,x6,x7),x8);

}
Truth OR(Truth x1,Truth x2)
{

return Max(x1,x2);

}
Truth OR(Truth x1,Truth x2, Truth x3)

{
return OR(OR(x1,x2),x3);
}

Truth AlphaCut(Truth Input, Truth thrs)

if (Input >=thrs)
return 1;

else
return 0;

}
Truth Binary2Bipolar(Truth t)

return 2%-1;

}

Il'nput range {0,1} -> final output value !
Truth TotalTruth(Truth t,Truth t0) // determine fuzzy
mode,and cut

return Binary2Bipolar(t);

}

#define ASPIRIN 1
#define NUMBER_OF_CLASSES 77
#define PRINT_COMMENT 1

/I not chage value here,change in *.CFG.

int  FUZZY_MODE;

Truth ALPHA_CUT;

Truth P_S;// primitive vectors similartity for line
Truth P_Z;// primitive vectors similartity for circle
Truth  Z_S;/l zone sim.

Truth L_S;// level sim.

Truth FuzzyGreaterThan_Simirality;

Truth FuzzylLessThan_Simirality;

Truth FuzzyCountCircleEndPoints_Constant;
Truth  FuzzyCountEndPoints_Constant;

Truth FuzzyCountPrimitives_OuterConstant;
Truth  FuzzyCountSections_Constant;

Truth FuzzyCountStartZone_Constant;

Truth InnerFuzzyListEquality_Constant;
Truth  OuterFuzzyListEquality_Constant;

Truth LevelsRelation[5][5]=

{

[ 12345 %
1,0,0,00,
0,1,-1,0,0,
0-1,1-1,0,
0,0,-1,1,0,
0,0,00,1

"

Truth VectorZonesRelation([8][8]=//
VectorZoneRelation,HeadVectorZoneRelation,EndVe
ctorZoneRelation use the same fuzzy relation.

{
1,1,-1,-1,1,-1,0,0,
-1,1,-1,0,-1,0,-1,0,
-1,-1,1,0,0,-1,-1,0,
-1,0,0,1,-1,-1,0,-1,
-1,-1,0,-1,1,0,0,-1,
-1,0,-1,-1,0,1,0,0,
0-1,-1,0,0,0,1,0,
00,0,-1,-1,0,0,.1
3

Truth VectorTypesRelation[13][13]=
{

1,-1,0,0,0,0,0,-1,0,0,0,0,0,
-1,1,-1,0,0,0,0,0,0,0,0,0,0,
0,-1,1,-1,0,0,0,0,0,0,0,0,0,
0,0,-1,1,-1,0,0,0,0,0,0,0,0,
0,0,0,-1,1,-1,0,0,0,0,0,0,0,
0,0,0,0,-1;1,-1,0,0,0,0,0,0,
0,0,0,0,0,-1,1,-1,0,0,0,0,0,
-1,0,0,0,0,0,-1,1,0,0,0,0,0,
0,0,0,0,0,0,0,0,1,-2,-2,-2,-2,
0,0,0,0,0,0,0,0,-2,1,-2,0,-2,
0,0,0,0,0,0,0,0,-2,-2,1,-2,0,
0,0,0,0,0,0,0,0,-2,0,-2,1,-2,
0,0,0,0,0,0,0,0,-2,-2,0,-2,1

NaturaINO MAXIndex;

#define TRIVIAL

TRIVIAL char *B4(char *input0,char *token0)
String input,token;

strcpy(input,input0);
strepy(token,token0);



String p;
strcpy(p,strtok(input,token));

return p;

}
TRIVIAL char *After(char *input,char token)

{
char *p=&(input[0));
while (*p !=token)
p+
return p+1;

}
TRIVIAL void SEND2BNN(Truth t)
{

if (ASPIRIN)

cout<<TotalTruth(t, ALPHA_CUT);
cout<<" ™

else // To be used with exactly match ILP

Truth xxx=TotalTruth(t, ALPHA_CUT);
if (xxx==1)
cout<<"+";
else
cout<<"™";
}
}

TRIVIAL void NULL_LINKS(NaturalNO n)
{
for (int i=1;i <=n;i++)
if (ASPIRIN)
cout<<0<<" ",
else
cout<<" "
}

Truth FuzzyAround(Truth Exact, Truth Desired,float

Const)

{
Il if (Exact==Desired)
Il return 1;
Il else
return exp(-1*Const*abs(Desired-Exact));

Truth FuzzyGreaterThan(Truth Exact, Truth Desired)

{
if (Exact > Desired)
return 1.00;
else
if (Exact==Desired)
return FuzzyGreaterThan_Simirality;
else
return 0;
}

Truth FuzzyGreaterThanOrEqual(Truth Exact, Truth

Desired)

if (Exact >=Desired)
return 1.00;

else
return 0;

}

Truth FuzzyLessThan(Truth Exact,Truth Desired)

if (Exact < Desired)
return 1;
else
if (Exact==Desired)
return FuzzylLessThan_Simirality;
else
return 0;
}

Truth FuzzyLessThanOrEqual(Truth Exact, Truth

Desired)

if (Exact <=Desired)
return 1.00;
else

}

return 0.00;

Truth IsEndPoint(int SectionID)

{
Truth xxx=-1*NOT(((SectionID-1) / 64) % 2);

}

if (xxx < 0)
return 1;

else
return 0;

Truth FuzzyLevel(LevelType Desired)

{
}

return LevelsRelation[Level-1][Desired-1];

TRIVIAL template <class T> NaturaNO
ListSize(ListType<T> &alList)

{

}

IteratorType<T> &l(aList);
NaturalNO Size=0;
while (1)
{
Size++;
|++;
}

return Size;

NaturalNO CountSections()

{
Il entsection([],0).
II' cntsection([A],1).

Il cntsection([A|B],C) :- cntsection(B,D),inc(D,C).

}

Truth FuzzyCountSections(NaturalNO Desired, Truth

return ListSize(C);

Const=FuzzyCountSections_Constant)

{
}

if (IntervalMember(SectionID,1041,1048))
return 2;

if (IntervalMember(SectionID,1049,1056))
return 3;

if (IntervalMember(SectionID,1057,1064))
return 5;

if (IntervalMember(SectionID,1065,1072))
return 1;

if (IntervalMember(SectionID,1073,1080))
retun 7;

if (IntervalMember(SectionID,1081,1088))
return 8;

if (IntervalMember(SectionID,1089,1152))
return 17,

return H2(SectionID-(1152-1025+1));

}

TRIVIAL NaturalNO HRank(int SectionID)

{
if (SectionID <=1024)
return H1(SectionID);
else
return H2(SectionID);
}

TRIVIAL char *List2Char()

{
String s,inc;
IteratorType<char> I(List);

l.restart();
memset(s,0,sizeof(s));
while (1)

sprintf(inc,"%c"|.current());
streat(s,inc);
|++;

return's;

}

return FuzzyAround(CountSections(),Desired,Const); TRIVIAL template <class T> void

NaturalNO CountZone(ListType<ZoneType>
&Zonelist)

{

TRIVIAL Truth IntervalMember(int x,int x1,int x2)

{
}

TRIVIAL NaturalNO H1(int SectionID) // Sectionid

return ListSize(ZoneList);

return (x >=x1) && (x <=x2);

<=1024

{
if (IntervalMember(SectioniD,1,8))

}

return 11;

if (IntervalMember(SectionD,9,16))
return 14;

if (IntervalMember(SectionID,17,24))
return 12;

if (IntervalMember(SectionlD,25,32))
return 10;

if (IntervalMember(SectionID,33,40))
return 13;

if (IntervalMember(SectionID,41,48))
return 9;

if (IntervalMember(SectionID,49,56))
return 15;

if (IntervalMember(SectionID,57,64))
return 16;

if (IntervalMember(SectionID,65,128))
return 17;

return H1(SectionID-(128-1+1));

TRIVIAL NaturalNO H2(int SectionID) // 1025
<=SectionID <=1664

if (IntervalMember(SectionID,1025,1032))
return 4;

if (IntervalMember(SectionID,1033,1040))
return 6;

PrintList(ListType<T> &aList,char sep=""")

IteratorType<T> I(aList);
l.restart();
while (1)
{

cout<<l.current();

if (sep !="1")

cout<<sep;

|++;

}

cout<<endl;

TRIVIAL void DeleteChar(char ToDel)

for (int i=0;i < strlen(input);i++)
List.detach(ToDel, TShouldDelete::Delete);
}

TRIVIAL void FindCharName()
{
String inc;
.restart();
memset(CharName,0,sizeof(CharName));
while (I.current() 1='()
{
sprintf(inc,"%c" l.current());
strcat(CharName,inc);
|++;
}
}

TRIVIAL void FindLevel()
{

|++;
Level=(l.current() - '0');

}

TRIVIAL void FindRatio()
{

|++;
|++;



String inc;

memset(RatioString,0,sizeof(RatioString));

while (l.current() !=",)

sprintf(inc,"%c",|.current());
strcat(RatioString,inc);
I++;

Ratio=atof(RatioString);
}

TRIVIAL void FindComponents()

{
C.flush();
[++;
I++;
int n=0;
int done=1;

while (l.current() 1=T)
if (L.current()==")

{
C.addAtTail(n);
n=0;
done=1;

}
if (isdigit(l.current()))

n *=10;
n +=l.current() - '0';
done=0;
}
|++;
}
if (done==0)
C.addAtTail(n);
}

TRIVIAL void FindJunctions()

{
J.flush();
I++;
|++;
int n=0;
int done=1;

while (l.current() I=7T)
if (I.current()==")

J.addAtTail(n);
n=0;
done=1;

}
if (isdigit(.current()))

n *=10;
n +=l.current() -'0'
done=0;
}
++;
}
if (done==0)
J.addAtTail(n);
}

TRIVIAL void FindUpperYuks()

{
U.flush();
|++;
[++;
int n=0;
int done=1,;

while (l.current() !=T)

{

if (l.current()=="")
{
U.addAtTail(n);
n=0;
done=1;

}
if (isdigit(l.current()))
{

n *=10;
n +=l.current() -'0’;
done=0;

}

|++;

}
if (done==0)
U.addAtTail(n);
}

TRIVIAL void FindLowerYuks()

{
L.flush();
I++;
|++;
int n=0;
int done=1;

while (I.current() !=T)

{
if (.current()==")

L.addAtTail(n);
n=0;
done=1;

}
if (isdigit(l.current()))
{
n *=10;
n +=l.current()-'0';
done=0;
}
|++;
}
if (done==0)
L.addAtTail(n);
}

PrimitiveType CrispPrimitive(SectionIDType
Section|D)

return ((SectioniD-1) / 128) % 13;
}

Truth FuzzyPrimitive(SectionIDType
SectionID,PrimitiveType Desired)

Truth IsCircle(SectionIDType X)

if (8 <=CrispPrimitive(x)) && (CrispPrimitive(x)
<=12))
return 1;
else
return 0;
}

TRIVIAL void BuildList(char *t)

{
List.flush();
for (char *p=t;*p I=NULL;p++)
List.addAtTail(*p);
}

TRIVIAL void Split()

IteratorType<int> 1(C);
l.restart();

cout<<"primitive:"<<"\t'<<"endpoint:"<<"\t'<<"startzon
e:"<<"\t"<<"endzone:"<<"\t"<<"hrank:"<<endl;

. neenpregt
int ComponentsCount=0;
while (1)

ComponentsCount++;
cout<<"["<<ComponentsCount<<"]";
cout<<CrispPrimitive(l.current())<<"\t\t";
cout<<YESNO(IsEndPaint(].current()))<<"\t\t";
cout<<CrispStartZone(l.current())<<"\t\t";
cout<<CrispEndZone(l.current())<<"\t\t";
cout<<HRank(l.current());

cout<<endl;

|++;

TRIVIAL void FindHead()

IteratorType<SectionIDType> I(C);

{
return I.restart();
VectorTypesRelation[CrispPrimitive(SectionID)][Desir HeadSectionID=I.current();
ed]; while (1)
} {
|++;

ZoneType CrispStartZone(SectioniDType SectioniD)

{
return ((SectionID-1) / 8) % 8;

}

Truth FuzzyZone(ZoneType X,ZoneType Y)
{

return VectorZonesRelation[X][Y];

}

Truth FuzzyStartZone(SectionIDType
SectionID,ZoneType Desired)
{

return
FuzzyZone(CrispStartZone(SectionID),Desired);

}

ZoneType CrispEndZone(SectionIDType SectionID)

{
return ((SectionID-1) / 1) % 8;

}

Truth FuzzyEndZone(SectionIDType
SectionID,ZoneType Desired)
{

retumn
FuzzyZone(CrispEndZone(SectionID),Desired);
}

TRIVIAL char YESNO(Truth yn)

{
return yn==YES ? 'Y": 'N;
}

if (HRank(l.current()) < HRank(HeadSectionID))
HeadSectionID=l.current();
}
}

Truth FuzzyHeadZone(ZoneType Desired)

return
FuzzyZone(CrispStartZone(HeadSectionID),Desired);

Truth FuzzyHeadPrimitive(PrimitiveType Desired)

return
VectorTypesRelation[CrispPrimitive(HeadSectionID)][
Desired];

}
Truth FuzzyEndPointTopRight()

/I enpt_topright(A) :- member(B,A),endpoint(B,-
1),(startzone(B,1) or startzone(B,2)),endzone(B,1).
IteratorType<SectionIDType> I(C);
Truth MaxTruth=0;
I.restart();
while (1)

Truth each=AND(ISEndPoint(].current()),
FuzzyEndZone(l.current(),1),

OR(FuzzyStartZone(l.current(),1),FuzzyStartZone(l.cu
rrent(),2))
)



if (each > MaxTruth)
MaxTruth=each;
|++;

return MaxTruth;

}
Truth FuzzyTopRightTail()

{
Il topright_tail(A) :- member(B,A),endpoint(B,-
1),startzone(B,1),endzone(B,1),<primitive(B,0) OR
primitive(B,1)>.

IteratorType<SectionIDType> I(C);

Truth MaxTruth=0;

|.restart();

while (1)

{
Truth each=AND(ISEndPoint(l.current()),
FuzzyStartZone(l.current(),1),
FuzzyEndZone(l.current(),1),

FuzzyEndZone(l.current(),1),
OR(FuzzyPrimitive(l.current(),1),
FuzzyPrimitive(l.current(),2)

).

Y if (each > MaxTruth)
MaxTruth=each;
|++;

return MaxTruth;

}
TRIVIAL void FlushAll()

{
List.flush();
C.flush();
J.flush();
L.flush();
U flush();

}

OR(FuzzyPrimitive(l.current(),0),FuzzyPrimitive(l.curreNaturalNO CountEndPoints()

nt().1))

)
if (each > MaxTruth)
MaxTruth=each;
|++;

return MaxTruth;

}

Truth FuzzyEndPointPrimitive(ZoneType Desired)
Il enptprim(A,B) :- member(C,A),endpoint(C,-
1),primitive(C,B).
{

IteratorType<SectionIDType> I(C);

Truth MaxTruth=0;

|.restart();
while (1)

{
Truth each=AND(IsEndPoint(l.current()),
FuzzyPrimitive(].current(),Desired)

)
if (each > MaxTruth)
MaxTruth=each;
|++;

return MaxTruth;

}

Truth FuzzyEndPointZone(ZoneType Desired)

{
/I EndPointZone(L,Z) :- member(x,L),endpoint(x,-
1),startzone(x,2).

IteratorType<SectionIDType> I(C);
Truth MaxTruth=0;

.restart();
while (1)

{

Truth

each=AND(FuzzyStartZone(l.current(),Desired),
IsEndPoint(l.current())

)

if (each > MaxTruth)

MaxTruth=each;
++;

return MaxTruth;

}
Truth FuzzyRightLine()

{
Ilright_line(L) :- member(x,L),endpoint(x,-
1),endzone(x,1),(primitive(x,1) OR primitive(x,2)).

IteratorType<SectionIDType> I(C);
Truth MaxTruth=0;

|.restart();
while (1)

Truth each=AND(ISEndPoint(l.current()),

{
Il cntenpt([],0).
II" cntenpt([A|B],C) :- endpaint(A,-
1),cntenpt(B,D),inc(D,C).
(

/I cntenpt([A|B],C) :- endpoint(A,0),cntenpt(B,C).

Iterator Type<SectionIDType> I(C);
NaturalINO SUM=0;

l.restart();
while (1)
{

if (ISEndPoint(l.current()))
SUM#++;
|++;

}
return SUM;
l
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1" member(A,[A[B]).
1" member(A,[B|C]) :- member(A,C).

IteratorType<T> I(aList);

l.restart();
while (1)
{
if (I.current()==toFind)
return YES;
else
|++;

return 0;// include empty list !

}

template <class T> T LastMember(ListType<T>
&alist)

{
Il lastmember([A],A).
Il lastmember([A|B],C) :- lastmember(B,C).
if (ListSize(aList)==0)
return NULL;
else

IteratorType<T> I(aList);
l.restart();
for (int i=1;i <=ListSize(aList)-1;i++)
|++;
return I.current();
}
}

Truth FuzzyBeginEndZone(ZoneType
DesiredBeginZone,ZoneType DesiredEndZone)
Il begendzone([A|B],C,D) :-
lastmember(B,E),startzone(E,C),endzone(A,D).

IteratorType<SectionIDType>  1(C);
l.restart();
return

Truth FuzzyCountEndPoints(NaturalNO Desired, Truth AND(FuzzyEndZone(l.current(),DesiredEndZone),

Const=FuzzyCountEndPoints_Constant)

{
return
FuzzyAround(CountEndPoints(),Desired,Const);

}

Truth IsCircleEndPoint(SectionIDType Section)
{

Il iscircenpt(A) :- primitive(A,B),endpoint(A, -
1),iscircle(B).

}

NaturalNO CountCircleEndPoints()

return AND(IsCircle(Section),IsEndPoint(Section));

{

II' entcircenpt([],0).

I cntcircenpt([A|B],C) :-

iscircenpt(A),cnteircenpt(B,D),inc(D,C).

I cntcircenpt([A|B],C) :- not

iscircenpt(A),cntcircenpt(B,C).
IteratorType<SectionIDType> I(C);
int EndPoints=0;

l.restart();
while (1)
{

if (IsCircleEndPaint(l.current()))
EndPoints++;
|++;

return EndPoints;

}

Truth FuzzyCountCircleEndPoints(NaturalNO
Desired, Truth
Const=FuzzyCountCircleEndPoints_Constant)

{

return

}

template <class T> Truth CrispMember(ListType<T>

&alist, T toFind)
{

FuzzyAround(CountCircleEndPoints(),Desired,Const);

FuzzyStartZone(LastMember(C),DesiredBeginZone)
);

}

Truth FuzzyCircleEndPointPrimitive(PrimitiveType
Desired)

/I circle_endpoint_prim(List,Desired) :-
member(C,List),iscircenpt(C),primitive(C,Desired).

lteratorType<SectionIDType> I(C);
Truth MaxTruth=0;

I.restart();
while (1)

Truth each=AND(IsCircleEndPoint(l.current()),
FuzzyPrimitive(l.current(),Desired)
if (each > MaxTruth)
MaxTruth=each;
|++;
}

return MaxTruth;

}

Truth FuzzyCircleEndPointZone(ZoneType Desired)
Il circenptzone(A,B) :-
member(C,A),iscircenpt(C),startzone(C,B).

IteratorType<SectionIDType> I(C);
Truth MaxTruth=0;

.restart();
while (1)
{
Truth
each=AND(FuzzyStartZone(l.current(),Desired),
IsCircleEndPoint(l.current())

);
if (each > MaxTruth)
MaxTruth=each;
|++;

}



return MaxTruth;

}

Truth FuzzyListEquality(NaturalNO X[8],NaturalNO
Y[8],

Truth
Constl=InnerFuzzyListEquality_Constant,

Truth
Const2=OuterFuzzyListEquality_Constant)

{
if (X[0]==Y[0]) &&
(X[1]==Y[1]) &&
(X[2==Y2)) &&

)
(X[A]==Y[4]) &&
(X[5]==Y[5)) &&
(X[6]==Y[6]) &&
) (X[71==Y17)
return 1;
else

{
Truth SigmaCount=FuzzyAround(X[0],Y[0],Const1)
+
FuzzyAround(X[1],Y[1],Const1)
FuzzyAround(X[2],Y[2],Const1)
FuzzyAround(X[3],Y[3],Const1)
FuzzyAround(X[4],Y[4],Const1)
FuzzyAround(X[5],Y[5],Const1)
FuzzyAround(X[6], Y[6],Const1) +
FuzzyAround(X[7],Y[7],Constl);
return FuzzyAround(SigmaCount,8.00,Const2);
}
}

+
+
+
-
+

Truth J_(NaturaNO z0,NaturalNO z1,NaturalNO
z2,NaturalNO z3,

NaturaINO z4,NaturalNO z5,NaturalNO
z6,NaturalNO z7)

{
NaturalNO Tempi[8];

Temp[0]=z0;
Temp[1]=z1;
Temp[2]=22;
Temp([3]=z3;
Temp[4]=z4;
Templ[5]=25;
Templ[6]=z6;
Temp[7]=z7,

return FuzzyListEquality(Temp,CountZone_J);

Truth L_(NaturalNO z0,NaturalNO z1,NaturalNO
z2,NaturalNO z3,

NaturalNO z4,NaturalNO z5,NaturalNO
z6,NaturalNO z7)

NaturalNO Temp][8];

Temp[0]=z0;
Temp[1]=z1;
Temp[2]=22;
Temp[3]=z3;
Temp[4]=24;
Temp[5]=25;
Templ[6]=z6;
Temp[7]=27;

return FuzzyListEquality(Temp,CountZone_L);

}

Truth U_(NaturaINO z0,NaturaINO z1,NaturalNO
z2,NaturalNO z3,

NaturalNO z4,NaturalNO z5,NaturalNO
26,NaturalNO z7)

{
NaturalNO  Temp[8];

Temp[0]=20;
Temp[1]=z1;
Temp[2]=z2;
Temp[3]=z3;

Temp[4]=24;
Temp[5]=z5;
Temp[6]=z6;
Temp[7]=z7;

return FuzzyListEquality(Temp,CountZone_U);

}

Truth FuzzyHaveXXXX(PrimitiveType

DesiredPrimitive,NaturaNO dummy,ZoneType
DesiredStartZone,ZoneType DesiredEndZone)

{
Il havemember(A,B,C,D) :-
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}

return MaxTruth;

template <class T> Truth FuzzyNoZone(ListType<T>
&alist)

Il nozone([]).
IteratorType<T> I(aList);

.restart();
if (1)

return 0;

member(E,A),primitive(E,B),endpoint(B,0),startzone(E else

,C),endzone(E,D).
IteratorType<SectionIDType> I(C);
Truth MaxTruth=0;

l.restart();
while (1)

Truth each=AND(NOT(IsEndPaint(l.current())),
FuzzyPrimitive(l.current(), DesiredPrimitive),
FuzzyStartZone(l.current(), DesiredStartZone),
FuzzyEndZone(l.current(),DesiredEndZone)

) if (each > MaxTruth)

MaxTruth=each;
|++;

}

return MaxTruth;
}
Truth FuzzyHaveMember(PrimitiveType
DesiredPrimitive,ZoneType
DesiredStartZone,ZoneType DesiredEndZone)

{
I havemember(A,B,C,D) :-

return 1.00;

}

template <class T> Truth FuzzyNoZone(ListType<T>
&alist,ZoneType X)

/I nozoneX(A) :- not havezone(X,z0).
return NOT(FuzzyHaveZone(aList,X));
}

Truth FuzzyBottomRightTail()

{
II'bottomright_tail(A) :- member(B,A),endpoint(B,-
1),endzone(B,4),
I primitive(B,5).
/I bottomright_tail(A) :- member(B,A),endpoint(B,-
1),endzone(B,4),
I primitive(B,6).
IteratorType<SectionIDType> I(C);
Truth MaxTruth=0;

|.restart();
while (f)
{
Truth each=AND(IsEndPoint(l.current()),
FuzzyEndZone(l.current(),4),

member(E,A),primitive(E,B),startzone(E,C),endzone(E

D).
IteratorType<Section|DType> I(C);
Truth MaxTruth=0;

I.restart();
while (1)
{

Truth

OR(FuzzyPrimitive(l.current(),5),FuzzyPrimitive(l.curre
;ﬂ(),ﬁ))
‘ if (each > MaxTruth)
MaxTruth=each;
|++;

return MaxTruth;

each=AND(FuzzyPrimitive(l.current(),DesiredPrimitive }

):
FuzzyStartZone(l.current(),DesiredStartZone),

FuzzyEndZone(l.current(),DesiredEndZone)

)

if (each > MaxTruth)
MaxTruth=each;
I+4;

return MaxTruth;

}

Truth FuzzyMemberZone(ZoneType
DesiredStartZone,ZoneType DesiredEndZone)
/I memberzone(A,B,C) :-
member(E,A),startzone(E,B),endzone(E,C).
{

IteratorType<SectionIDType> I(C);

Truth MaxTruth=0;

l.restart();
while (1)

{
Truth

Truth FuzzyCountPrimitives(PrimitiveType
P,NaturalNO Desired, Truth
OuterConst=FuzzyCountPrimitives_OuterConstant)

{

1l entprimX([],0).

I entprimX([A|B],C) :-
primitive(A,X),cntprimX(B,D),inc(D,C).
Il entprimX([A|B],C) :- not
primitive(A,X),cntprimX(B,C).

IteratorType<SectionIDType> I(C);
NaturalNO SigmaCount=0;

I.restart();
while (1)

SigmaCount +=FuzzyPrimitive(l.current(),P);
|++;
}
return
FuzzyAround(SigmaCount,Desired,OuterConst);

Truth FuzzyCountStartZone(ZoneType Z,NaturalNO
Desired, Truth

each=AND(FuzzyStartZone(l.current(),DesiredStartZo Const=FuzzyCountStartZone_Constant)

ne),
FuzzyEndZone(l.current(),DesiredEndZone)
)

if (each > MaxTruth)
MaxTruth=each;
|++;

{

II' cntstzoneX([],0).

II' cntstzoneX([A|B],C) :-
startzone(A,X),cntstzoneX(B,D),inc(D,C).
II' cntstzoneX([A|B],C) :- not
startzone(A,X),cntstzoneX(B,C).

IteratorType<SectionIDType> I(C);



NaturalNO SUM=0;

|.restart();
while (1)

SUM +=FuzzyStartZone(l.current(),2);
|++;

}
return FuzzyAround(SUM,Desired,Const);
}

Truth FuzzyTopLeftTail()

{
Il topleft_tail(A) :- member(B,A),endpoint(B,-
1),endzone(B,2),primitive(B,4).
Il topleft_tail(A) :- member(B,A),endpoint(B,-
1),endzone(B,2),primitive(B,5).
IteratorType<SectionIDType> I(C);
Truth MaxTruth=0;

|.restart();
while (1)

{
Truth each=AND(ISEndPoint(l.current()),
FuzzyEndZone(l.current(),2),

topline(A) :-
member(B,A),primitive(B,0),endpoint(B,0),startzone(B,
1
endzone(B,1).
topline(A) :-
member(B,A),primitive(B,0),endpoint(B,0),startzone(B,
2),
endzone(B,1).
#
IteratorType<SectionIDType> |(C);
Truth MaxTruth=0;
|.restart();
while (1)
{

Truth each=AND(FuzzyPrimitive(l.current(),0),
NOT(IsEndPoint(l.current())),

OR(FuzzyStartZone(l.current(),1),FuzzyStartZone(l.cu
rrent(),2)),

)

FuzzyEndZone(l.current(),1)
if (each > MaxTruth)
MaxTruth=each;
|++;

return MaxTruth;

OR(FuzzyPrimitive(l.current(),4),FuzzyPrimitive(l.curre}

nt().5))

)
if (each > MaxTruth)
MaxTruth=each;

|++;
return MaxTruth;
}
Truth FuzzyHaveZone(ListType<ZoneType>
&alist,ZoneType Z)
{
Il havezone(A,B) :- member(B,A).
IteratorType<ZoneType> I(aList);
|.restart();
if (1)
return 0;// empty list
else
Truth MAX=FuzzyZone(l.current(),2);
while (1)
Truth each=FuzzyZone(l.current(),Z);
if (each > MAX)
MAX=each;
|++;
}
return MAX;
}
}
Truth FuzzyHeadYuk(ListType<ZoneType> &aList)
{
Il headyuk(A) :- member(z2,A).
return FuzzyHaveZone(aList,2);
}
Truth FuzzyUpperYuk(ListType<ZoneType> &alList)
{
Il upperyuk(A) :- member(z1,A).
/I upperyuk(A) :- member(z2,A).
return
OR(FuzzyHaveZone(aList,1),FuzzyHaveZone(aList,2)
);
}
I topline(A) :-
member(B,A),endpoint(B,0),primitive(B,0),endzone(B,
1),startzone(B,1)
I/ topline(A) :-
member(B,A),endpoint(B,0),primitive(B,0),endzone(B,
1),startzone(B,2)
Truth FuzzyTopLine()
{
/*

#include "i.knb" //'i can be e.knb,z.knb

void BuildDecisionList()

{
kai();
khai();
khud();
khay();
khon();
rakung();
ngoo();
jan();
ching();
chang();
s00();
kacher();
ying();
chada();
patak();
than();
monto();
putoa();
nen();
deg();
toa();
tung();
tahan();
tong();
nuu();
bimai();
plaQ);
peung();
fa();
pan();
fan();
sampoa();
mar();
yag();
rua();
rue();
ling();
van();
sala();
ruesi();
sua();
heep();
chula();
ang();
huug();
paiyan();
sra_at();
mi_hanka();
sra_ar();
sra_ei();
sra_ee();
sra_eut();
sra_eu();

a7

sra_ut();
sra_uu();
sra_a();
sra_o();
sra_aio();
sra_aim();
yamok();
mi_tikoo();
mi_ek();
mi_to();
mi_tee();
mi_jatva();
karan();

}
void BuildCharsAssoc()

NaturalNO n=0;
strcpy(CharsAssoc[n++],"kai");
strcpy(CharsAssoc[n++],"khai");

strcpy(CharsAssoc[n++],"num_9");

int Decision()
{
NaturalNO MAXValue=0;

for (NaturalNO i=0;i <=249-161;i++)
if (DecisionList[i] > MAXValue)
MAXValue=DecisionList]i];
for (MAXIndex=0;MAXIndex <=249-
161;MAXIndex++)
if (DecisionListfMAXIndex]==MAXValue)
break;
if (strcmp(CharsAssoc[MAXIndex],CharName)==0)
return 1;
else
return 0;

}
void DebugCharinfo()

cout<<"CHARACTER NAME : "<<CharName<<endl;
COUt<<"LEVEL :"<<Level<<end!;
COUt<<"RATIO : "<<Ratio<<endl;
COUt<<"COMPONENTS : ";PrintList(C,"");
11 Split();
cout<<"JUNCTIONS
cout<<"LOWERYUKS
cout<<"UPPERYUKS
cout<<"HEAD ZONE
"<<CrispStartZone(HeadSectionID)<<endl;
cout<<"HEAD PRIM
"<<CrispPrimitive(HeadSectionID)<<endl;

}

void FindBasicComponents()

. ";PrintList(J,"");
;" PrintList(L,");
2 ";PrintList(U,"");

{
FlushAll();
BuildList(input);
DeleteChar(');
DeleteChar('z);
FindCharName();
FindLevel();
FindRatio();
FindComponents();
FindJunctions();
FindLowerYuks();
FindUpperYuks();

memset(CountZone_J,0,sizeof(CountZone_J));
memset(CountZone_L,0,sizeof(CountZone_L));



memset(CountZone_U,0,sizeof(CountZone_U));

FindHead();
IteratorType<ZoneType> I(J);
l.restart();
while (1)

CountZone_J[l.current()]++;
|++;

}

}

{
lteratorType<ZoneType> I(L);
l.restart();
while (1)

CountZone_L[l.current()]++;
I++;

}

}

IteratorType<ZoneType> I(U);

l.restart();

while (1)

{
CountZone_U[l.current()]++;
|++;

}

}

}

NaturalNO RecogFact(const char *ToRecog)
strcpy(input, ToRecog);
FindBasicComponents();
if (DEBUG_CHAR_INFO_MODE==YES)
{

DebugCharlinfo();

PrintList(List);

}

if (PRINT_COMMENT)
cout<<"/*'<<CharName<<"*/";

BuildDecisionList();

NaturaNO n=Decision();

FlushAll();

return n;

}
Truth IsCharacterName(char *s)

for (NaturalNO i=0;i <=sizeof(CharsAssocli]);i++)
if (strcmp(s,CharsAssocli]) !=0)
return YES;
return NO;

}
void GenerateRule(SmallString C)

{
if (ASPIRIN)
cout<<endl;
else
cout<<",";

for (NaturalNO i=0;i <=NUMBER_OF_CLASSES-

1;i++) // don't forget must -1 !
if (strcmp(CharsAssaoci],C)==0)
break;
int ClassBar[NUMBER_OF _CLASSES];
memset(ClassBar,0,sizeof(ClassBar));
ClassBar[i]=1;
if (PRINT_COMMENT)
cout<<"*"<<CharName<<"*/";
for (int k=0;k <=NUMBER_OF_CLASSES-1;k++)

cout<<ClassBar[k];
if (k '=NUMBER_OF_CLASSES-1)
if (ASPIRIN)
cout<<"
}
}

int main(int argc,char **argv)
{

if (argc < 4)

{

cout<<"Using p77.exe e.knb e.ilp 1.0 c"<<endl;
exit(-1);

}
DEBUG_CHAR_INFO_MODE=NO;

cout<<"*"<<endl;
Date d;

Time t;
cout<<d<<endl;
cout<<t<<endl;

ifstream CFGFILE("P77.CFG");
String CFG_Line;

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));
FUZZY_MODE-=atof(B4(After(CFG_Line,'=),";"));

CFGFILE.getline(CFG_Line,sizeof(CFG_Line)),
ALPHA_CUT=atof(B4(After(CFG_Line,'=),";");

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));
P_S=atof(B4(After(CFG_Line,'=),";"));

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));
P_Z=atof(B4(After(CFG_Line,'=),";"));

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));
Z_S=atof(B4(After(CFG_Line,'="),";");

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));
L_S=atof(B4(After(CFG_Line,'="),""));

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));
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for (=0;j <=4;j++)
if (i 1=j)
if (LevelsRelation(i][j]==-1)
LevelsRelation[i][j]=L_S;

}
for (i=0;i <=7;i++)

for (j=0;j <=T;j++)

if (i =)
if (VectorZonesRelation(i][j]==-1)
VectorZonesRelation[i][j]=Z_S;

}
for (i=0;j <=12;i++)

for (j=0;j <=12;j++)

if (i 1=)

if (VectorTypesRelation[i][j]==-1)
VectorTypesRelation[i][j]=P_S;
if (VectorTypesRelation[i][j]==-2)
VectorTypesRelation[i][j=P_Z;

}

}
BuildCharsAssoc();
ifstream ifs(argv(1]);
String TestData;

while (lifs.eof())

{

ifs.getline(TestData,sizeof(TestData));
if ((strcmp(TestData,™) 1=0) && (TestData[0] !=\%)

&& (TestData[0] I=\\))

FuzzyGreaterThan_Simirality=atof(B4(After(CFG_Line

= )
CFGFILE.getline(CFG_Line,sizeof(CFG_Line));

D)

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));

FuzzyCountCircleEndPoints_Constant=atof(B4(After(

CFG_Line,'=),";"));

CFGFILE.getline(CFG_Line,sizeof(CFG_ Line));

FuzzyCountEndPoints_Constant=atof(B4(After(CFG_

Line,'=),""));

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));

FuzzyCountPrimitives_OuterConstant=atof(B4(After(C

FG_Line,'=),"");

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));

FuzzyCountSections_Constant=atof(B4(After(CFG_Li

ne,=),%):

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));

FuzzyCountStartZone_Constant=atof(B4(After(CFG_L

ine,=),"");

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));

InnerFuzzyListEquality_Constant=atof(B4(After(CFG_

Line,'="),"");

CFGFILE.getline(CFG_Line,sizeof(CFG_Line));

{

RecogFact(TestData);
GenerateRule(CharName);
cout<<endl;

}

!
ifs.close();
FuzzyLessThan_Simirality=atof(B4(After(CFG_Line,'=" return 0;

OuterFuzzyListEquality_Constant=atof(B4(After(CFG_

Line,=),"");
system(“type p77.cfg");
CFGFILE.close();
cout<<™/"<<endl;
intij;

for (i=0;i <=4;i++)

{
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