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ABSTRACT

An automatic method to generate fuzzy
rules and their membership functions to
recognize handwritten characters is
described. Firstly an initial rule base is cre-
ated on the basis of a referential data set
containing handwriting prototypes. Subse-
quently the classification behavior of the
fuzzy rules is optimized with a genetic
algorithm, which is regarded as a typical
solution to NP-complete problems. A suit-
able fitness function which corresponds to
the human perception of the linguistic
variables is obtained. The proposed rule
generation process extends the learning
and adaptive capabilities of existing fuzzy
rule based recognition system.

Keywords: fuzzy features, fuzzy rule genera-
tion, genetic algorithm.

1.0 INTRODUCTION

Online character recognition systems have to
operate in real-time and have to cope with a
multiple number of users. These require-
ments can only be fulfilled if

i) number of character prototypes is reduced,
and simultaneously

ii) classification method is flexible enough to
match various characters from multiple
users.

The proposed scheme achieve these require-
ments with the flexible and efficient genera-
tion of a fuzzy rule base (FRB). The prototypes
are represented by linguistic fuzzy rules and

the required flexibility is obtained by the vari-
able width of the membership functions. Real
time classification of handwritten characters
is achieved by limited number of rules and a
fast processing algorithm [9]. In this applica-
tion the syntactic relations between the
extracted features in the form of linguistic
rules have been utilized to describe the hand-
written characters.

The paper is organized as follows: in the next
section an outline of the fuzzy online hand-
writing recognition system (FOHRES)[6] is
given. Section 3 handles with the definition
and syntax of the fuzzy rule base. In the two
subsequent sections initialization and optimi-
zation of the fuzzy rule base (FRB) is
explained. The last section presents some of
the experimental results.

2.0 Outline of the FOHRES System

The human visual system functions success-
fully even when patterns possess a certain
vagueness, slight mismatch and impreci-
sion[11]. It is able to select those features
which identify the pattern while ignoring the
rest of the uncertainties. Based on this fact
we have applied the theory of fuzzy logic to the
recognition process.
online handwriting recognition problem esti-
mates the imprecision or the vagueness of
acquired handwritten symbols in three pro-
cessing stages, preprocessing, feature extrac-
tion and rule generation/classification [6][8]
and subsequently with suitable actions these
uncertainties are reduced or eradicated. In

Our solution for the
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Fig 1. Outline of the FOHRES

the preprocessing stage low level uncertain-
ties e.g. pentop errors, are eliminated. In the
next stage these symbols are segmented
according to the sudden changes and local
minima. Henceforth in the fuzzy feature
extraction stage, geometrical and other fea-
tures (e.g. a vertical line at left, thin or wide
symbol, C-Like or D-Like curves[6]) of the
acquired symbol are determined in the form
of fuzzy membership functions [12]. These
features are further processed with fuzzy
operations (max, a-cut etc.) to reduce the fea-
ture set for computational ease in the rule
generation/classification stage. Scope of this
paper is limited to the final stage i.e. rule gen-
eration and classification from the extracted
fuzzy features.

In the classification stage vagueness exists in
the syntactical interpretation of the extracted
features and fuzzy rules. This ambiguity can
be termed as syntactic vagueness. However
this implies that the acquired fuzzy structural
elements have certain correspondence with
each other. But this correspondence does not
always have unequivocal meanings and sec-
ondly it is difficult for a human to generate
enormous syntactic definitions manually. To
overcome these syntactical ambiguities we
have employed the genetic algorithms to gen-
erate and optimize fuzzy linguistic rules in the

form of a knowledge base or fuzzy rule base
(FRB) automatically[10].

The FRB generation is accomplished in two
phases. In the first phase a fuzzy rule base
(FRB) is initialized with a combination of
expert knowledge and some stochastic infor-
mation. Afterwards this knowledge base is
optimized to improve and generalize the initial
rules. This optimization is based on the
genetic algorithms[1][3][7] and its primary
goal is to maximize the classification rate by
minimizing the mean fuzzy entropy of the FRB
[10]. Because fuzzy entropy characterizes the
disorder of the fuzzy rule base. The advantage
of the proposed scheme lies in the flexibility
and adaptability in incorporating new hand-
writing styles and newly added symbols. And
additionally it simplifies the fuzzy rule base
generation process.

3.0 Syntax of the Fuzzy Rule Base
(FRB)

It has been proven that FRB are universal
approximators[2]. For each a,b00 with a<b
let u,,:0-0 [0,1] be a membership func-
tion such that u, ,(x)#0 if x O[a, b] . Further-
more let T; and Ty be t-norms and I be a fuzzy
implication verifying I(a,0) = O if a#0, e.g. an
R implication or a t-norm implication can be



expressed as I(a,b) = Ty4(a,b). Let G be a t-
conorm.

The 6-tupel FRB = (T, T, I, G,S, Hep) 1s a
family of FRB’s with the following properties.

1. A fuzzy rule base is composed by a finite
number of rules k of the form:

Ry ifxyis Ajjand ... x is Ay then y is B
where j = 1,..., k.

2. The membership function of each Ay is of

1 2 .
aijDD,l.e.

the form x) for 41 < 42; a::
“aé,a,zj() a;<ay 4y

i ()
Ay(x) = “aé,afj(x)

3. The membership function of each B; is also

of the form p ;, for some a<b; a,b00, i.e.

Bj(X) = By 42(%) @
4. T, is the fuzzy conjunction operation. The
generalized modus ponens is constructed
with the other t-norm T, and the implication I

a) The rule R;: if x; is Aj;and ... x, is Ay then
y is B; will be applied only if the n-dimen-
sional input vector x matches with the anti-
desiccant, i.e. iff A j(x)#0, being

Aj(x) = Tl(Alj(xl), Anj(xn))

®)

b) If the input vector x matches with the anti-
desiccant then the inference is

if x;is A;and ... x,;is A, thenyis B
Inference: xis A’ g yis B’

B(y) = Sup{T,(A (x), [(A(x), B(x)))|x 0 0}
where A(x) = T1(A;((x1), ... A (x)))

(4)

In our decision making application the input

X =Xpis a pointE Lifx = x
hence A'()_c) =0 ~ and

0
[0, otherwise

B (y) = T,(1 I(A(x), B(y))) = I(A(x), B(y)) (5)

c¢) In general, for the input x = x; the inference
algorithm of the rule R; is expressed by:

| 00,ifA(x) =0
B,(Y) = H(A;(x), B(v)

O otherwise

(6)

which is in the case of a t-norm implication

B(y) = I(A,(x), B;(1)) @)
5) The composition of all fuzzy rules is made
by the t-conorm G:

B(y) = G{B;(u)}) ®)
6) The defuzzification method S is the center
of the area: .
o o B d
y:S(X):[ (y) Hy)dy

, 9
[Bway ©

The important parameters for the FRBS are
number of fuzzy rules k and the position and
width of the input and output membership
functions correspondingly expressed by

1 42 pl B2
as, as bj,bj.

gy

Theorem 1: Let f:Uu 00" - O be a continuous
function defined on a compact U. For
eache >0 there exists a (FRBS), 0 FRBS such

that (Proof in [2])

Sup{|f(x)-FRBS(x)|, x O U} <¢ (10)

The Mamdani fuzzy controller expressed by
"RBS)qm = (MIN, MIN, MIN, MAX, COG, , ;. is
an universal approximator. In this paper we
use a variant of the Mamdani controller which
is often applied in the design system from
Togai Infralogic. The FRBS uses triangular or
gaussian membership functions which are
either linearly approximated by 2 or 6 straight
lines or directly stored in look-up tables. For a
fast evaluation the centroids M and areas A of
the output membership functions are calcu-
lated during the design process and not dur-
ing the evaluation process. The processing of
multiple activated output membership func-
tions and the output composition is achieved
by scaling the centroids M; and A; with the
truth value and addition:

ye M, (11)

1

Su-a
The modified FRBS is also an wuniversal
approximator[2].

y =



4.0 Initialization of the FRB

First task in the automatic design of a fuzzy
rule base is the estimation of the appropriate
membership function. The basic elements for
the problem of practical estimation of mem-
bership functions are defined within the the-
ory of possibility introduced by Zadeh. He
states that * --- contrary to what has become
a widely accepted assumption --- much of the
information on which human decisions are
based is possibilistic rather than probabilistic
in nature.” Furthermore, possibility is related
to probability, because “... a lessening of the
possibility of an event tends to lessen its
probability --- but not vice versa.”

Therefore in our application the fuzzy mem-
bership functions are defined by gaussian dis-
tribution functions (normal distribution).

2
u(x) = o WV2rh(x;m, 0?) = exp%—@% (12)
O 2m° O

Each linguistic variable j:j =1,..,n;n00, is
represented by a set of g; membership func-
tions, which are distributed equidistantly in
the universe of discourse [0,1]. Mean m and
standard deviation o; are evaluated by:

J
e . —e. .
My = e;mﬂw(k—l‘
! (12.3)
e . —e.; .
and 0'5 = lehere k=1’---5qj; (12b)

2.9(qj—1)

e represent the evaluation limits of referential
data set. The membership function of output
linguistic variables are defined as “Yes” and
“No” for some triangular, gaussian or single-
fuzzy sets, e.g  Upoos05
Hyes(os15 - In this case the output classifier
is a value in the interval [0,1].

ton and

After the definition of membership functions
fuzzy rule base will be initialized through the
following algorithm:

Algorithm 1: Initialize Rule Base
1.Set fuzzy rule base to empty, FR=0.

2.Define threshold
€0[0,0.5 of a valid fuzzy rule.

minimum  activation

3. Form the referential data set RV = {ry,..., rp}
4. a)Choose an input vector r; 0 RV randomly.

b) Evaluate the fuzzy rules with the input
vector r;. Test if A = T(Ha (Ti1): oo uAj(rij))zs
that means the truth value of the premise is
greater than .

5. If Az¢ then generate no rules. Reduce the
referential data to (RV = RV/ {r;}) and continue
from step 4 if RV #0.

6. a) If A<e then calculate all linguistic vari-
ables of the the fuzzy set with the largest
truth value for the input ri-

UAj(rlj) = max(U(mlj: 021j): o MMy Uij)) (13)
where j=1,...,n.

b) Construct a new fuzzy rule with the most
activated fuzzy sets Ajuax. In the conclusion
set the linguistic variable for the actual clus-
ter to “Yes” and all other output linguistic
variables to “No”. Again reduce the referential
data RV = RV/{r;} and continue from step 4
if RV #£0. Meanwhile there exist a fuzzy rule
for vector r; with A >0.5, while the membership
functions are 50% overlapped.

In the next design phase a genetic algorithm
is applied to adjust the centers and the
widths of the fuzzy points so that they achieve
certain flexibility to cope with the varying
nature of incoming symbols to be recognized,

Notes on fuzzy sets and rules generation

1.Computing time increases approximately
linearly with the number of the input patterns
(Size of the referential data set).

2. Storage capacity increases linearly with the
number of linguistic variables.

3. A fuzzy point (set) is defined by only two
parameters namely o and m.

4. In addition to fuzzy methods conventional
algorithms can also be used to determine the
fuzzy rules.

5.0 Optimization of FRB with GA

A robust handwriting recognition system aims
for an improvement in system behavior with
respect to changing conditions, e.g. incorpo-



rating new users or differently written charac-
ters. Therefore with optimization we will seek
more flexible fuzzy rules. For optimizing the
FRB of handwritten characters, a highly
robust algorithm is needed which can cope
with complex and relatively huge search
(parameter) spaces. There is no theoretical
approach that defines an optimal fuzzy sys-
tem for a given task. Therefore adaptation is
necessary to generate well designed FRB. A
general FRB is very complex. Even when parts
of the structure are fixed, e.g. by a hardware
implementation, a lot of parameters remain
unset[4][9]. Especially the fuzzy sets are
important for fine tuning the transfer function
of the system. In contrast, the rule base is
less flexible,
weighted. Considering the number of parame-
ters of all fuzzy sets,
becomes very complex.

even when the rules are

the search space

A suitable optimization algorithm for the
adaptation of a FRB is the genetic algorithm
(GA)
described in detail by Davis in [3]. This is
regarded as a typical solution of the NP-com-
plete problems.

Algorithm 2: Optimize Rule base with GA

introduced by Holland, which is

begin
t-0
initialize Prrp(t)
evaluate structures in Pgrg(t)
While termination condition
is not satisfied do
begin
t—t+1
select Prrp(t) from Prgrgl(t-1);
recombine structures in Prrg(t);
evaluate structures in Pgpgrpg(t);
end
end.

Binary coded parameters are used to con-
struct a string. Every string A will hold all
fuzzy set parameters my and oy, i = 1..n, j =
l...q of a FRB as proposed by Karr[5]. The

parameters are linearly transformed to inte-
gers of 1 bits accuracy (e.g. [=8 bits) with con-
stant limits for every variable. Denoting the
coded fuzzy set parameters m; and 6y,
string A is constructed by adding the parame-
ters in a row:

a

A = mllallmlzc‘ylz...mnqanq = E’al__llaﬁ.ilab aHl...aL
my;

where a0{0,1} . The length L of the string
can be computed as L = 2.L.n.q. The parame-
ters of the algorithm can be selected as fol-
Fixed values are chosen for the
algorithm’s random parameters, so the muta-
tion rate py,¢ = [0.002,0.02] which increases
exponentially, and crossing over rate pcross =

lows.

0.8. Size of population M and time interval T
will be selected according to the system com-
plexity (in our case M=500, T=500).

The fitness function constitutes of the correct-
ness measure of the classification space and
the entropy Q of the FRB as defined in [10].

N 1, if (P;)Recognized
Qy = z a; where @; =
i=0

o o

0, else

0 R R
M~act _ 10, + 00
v ug, 10 R

max max

0 g
—lDI:b+ l[|

'if(Rmax < Ract)
9y

®
I

(14)

R
e 0
T—lmlib+l

max

o o o

,Otherwise

Where R, 0 N: nominal number of activated
rules, R ,,0N: current number of activated
rules,a, b OR are the local and global parame-
ters to punish the rules according to the com-
puting and memory limitations.

For fitness function calculation, a FRB has to
be constructed from each string and tested by
evaluating the referential data set. Therefore,
a large number of FRB executions are
required. A discrete FRB with a very fast eval-
uation method is used for this task. The cod-
ing used for the GA corresponds to the
discrete implementation of FRB to facilitate



the real time evaluation. In addition, the cod-
ing’s limitations due to discretization and
constant intervals are of little importance,
because FRBs are robust and the range of the
referential data set is also limited.

Notes on Genetic Algorithms

1. GAs work with a population of competing
the algorithms can
escape from local fitness maxima in the

solutions. Therefore,

search (parameter) space [1].

2. The genetic operators are probabilistic and
are applied to coded parameter sets only.
They are independent from the structure of
the search space. Therefore GAs are robust.

3. Execution time rises linearly with popula-
tion size M, evolution steps T and length of
strings L (under the assumption that FS cal-
culation time is proportional to the number of
fuzzy sets).

6.0 Experimental Results

We have acquired handwriting data for five
different users which was limited to the deci-
mal numbers. Reference data set contained
twenty sets of extracted features. Obtained
results were extremely satisfying. In the first
stage where rules were initialized with the
help of statistical information, the classifica-
tion rate was 72.5%, but after the optimiza-
tion in the second stage classification rate
was drastically improved and all the tested
symbols were recognized except only one. It
should also be mentioned that the characters
of the referential data set were written in
entirely different manners to guarantee the
robustness. Testing of these rule base was
also satisfactory and the obtained classifica-
tion results were correct in 97.25% cases for
the users belonging to the reference data sets.
and 90.4% for 5 new users who followed the
prototypes from referential data set.
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