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Optimization Model of Fuzzy Rule Based Expert Systésing Max-Min
Composition and Schema Mapping Translation
Hartond, Tiarma Simanihuruk

“Composition”. There are many composition methausise,
Abstract— Fuzzy Decision Making involves a process of saiect e.g. max-product method, max-average method andmax
one or more alternatives or solutions from a fisié of alternatives method. But max-min composition method is best kmdmv

which suits a set of constraints. In the rule-baseuert system, the . e . . .
terms following in the decision making is using Whedge based fuzzy logic appllcatlor[g]. Using Max-Min Composition,

and the IF Statements of the rule are called teenjses, while the W€ have a degree of relationship between the elsmen
THEN part of the rule is called conclusion. Membépsfunction ~Relations on fuzzy stating how strong the relatmms
and knowledge based determines the performanceuzdyfrule between elements in fuzzy. The higher degree afticel
based expert system. Membership function determities level means the stronger the relationship betwdéements.
performance of fuzzy logic as it relates to repnedazzy set in a Genetic algorithms (GAs) are a class of evolutignar
computer. Knowledge Based in the other side relaiesapturing  algorithms made popular by John Holland and higagues

human cognitive and judgemental processes, suchigsng and . . . . .
reasoning. In this paper, we have proposed a mdifiassing Max- during the 1970s[8]. Genetic Algorithm is a searching

Min Composition combined with Genetic Algorithm foetermining Method used for choosing the best solution of tiflerdnt
membership function of Fuzzy Logic and Schema Magpi Problems, based on the mechanism of natural setectihat

Translation for the rules assignment. is, from the initial population, through severalokitionary

Keywords— Fuzzy Decision Making, Rule-Based Expert Syste steps, a set of new more appropriate solutionsaahéeved

Membership Function, Knowledge Based, Max-Min Contims; mthat led to .the g|0bal optimal SOIutio[@]. This algorithm
Schema Mapping Translation ’ perform an intelligent search for a solution angiéha broad

spectrum of possible sollution. We can combinenta-min
composition method to get an idea of the strendthhe
relationship between elements. Based on the stravfgthat
Fuzzy Decision Making involves a process of setgctine or relationship we can determine the interval membprsh
more alternatives or solutions from a finite setftérnatives function by using a genetic algorithmifter defining the
which suits a set of constraints [1]. In the rubsséd expert Membership function, we can determine the knowldalgged
system, the terms following in the decision makisgising using Schema Mapping Translation. A fuzzy designer
knowledge based and the IF Statements of the relealed normally uses intuition and trial and error methiod the

the premises, while the THEN part of the rule idlech rules assignment [4]. Actually, there are severethmds than
conclusion [2]. Membership function and knowledgesdéd can be used for getting the better combinatioruafy rules.
determines the performance of fuzzy rule based rexp@®ne of the method that can be used is Schema Mgppin
system[3], [4]. Membership function determines th&ranslation. A schema mapping translation is a dorofithe
performance of fuzzy logic as it relates to repnédezzy set data manipulation [10].

in a computer [3]. Knowledge Based in the othee sielates

to capturing human cognitive and judgemental preegs

such as thinking and reasoning [5]. In every daytent most 1.
of the problems involve imprecise concept. To hanitie

imprecise concept, the conventional method offssdrty and ~ A. Working of Fuzzy Logic

numbers are insufficient and need to be extendedotne Fuzzy logic continues to grow, at this time we h&wewn

other concepts. Fuzzy concept is one of the coadeptthis type 2 fuzzy logic. Type-2 fuzzy sets (T2 FSs)goally
purpose. A relation is a mathematical descriptidn a0 introduced by Zadeh [12], provide additional desitgyrees
situation where certain elements of sets are mklateone of freedom in Mamdani and TSK fuzzy logic systemRESs),
another in some way. Fuzzy relations are significamcepts which can be very useful when such systems are irsed
in fuzzy theory and have been widely used in maeid$ situations where lots of uncertainties are pre#8}. The
such as fuzzy clustering, fuzzy control and unecetya resulting type-2 fuzzy logic systems (T2 FLS) haie

reasoning. They also play an important role in Yuzzpotential to provide better performance than a typ@1)
diagnosis and fuzzy modeling. When fuzzy relatiars used Fuzzy Logic System [14].

in practice, how to estimate and compare themsigificant
problem. Uncertainty measurements of fuzzy relatibave
been done by some researchers[6].

Fuzzy relation in different product space can be
combined with each other by the operation -called
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Hs(x2) = max(min(u (%, y), g (¥:2))) (4)

Type-2 FLS )

__Output Processing

Rules I

B. Genetic Algorithm

Genetic Algorithm (GA) is adaptive heuristic basedideas
of natural selection and genetics. Genetic algarith one of
the most known categories of evolutionary algoritthnGA
works with a number of solutions which collectivédyknown
as population in each iteration which is choserdoamly.
Fig 1. Type 2 Fuzzy Logic Process These are adapti_ve heuristic search alg_orithmmta_ned on
15] the evolutionary ideas of natural selection andetienThe
basic concept of these evolutionary algorithm®istimulate
process in natural system necessary for evolut®N's are
B. Fuzzy Rule-Based Expert System used for numerical and computational optimizatiod hased
Rule-based expert systems have the ability to emulee on study the evolutionary aspects of models ofs@gistems.
decision making ability of human experts. They designed The GA performs a balanced search on various nades
to solve problems as humans do, by exploiting eedodthere is a need to retain population diversity esqtion so
human knowledge or expertise. This knowledge can hgat any important information cannot be lost beesthere is
extracted and acquired directly through interactmith 3 great need to focus on fit portions of the pojpura
humans, as well as from printed and electronicueess such The simplest form of genetic algorithm involveseiirtypes

X Crisp Input

Inference

as books, magazines and websites. The extractedldahge

forms the knowledge base of the rule-based syst&m other
major component of rule-based systems draws canalsis
from this knowledge, and is referred to as the rariee

engine. The conclusions and suggestions offerethéyule

based system satisfy users’ needs for expertiskinvthe

chosen domain.

Rule-based systems are designed to solve problems i
selected domain. Every domain has its own knowlemig
reasoning humans, which can be emulated and eyéscesl
through automated rule-based systems.
contain a large amount of knowledge that can beucap
fully only through an information system, since tama may
not access or immediately
information. There are many advantages of ruledbasgert
systems: They decrease costs since they reduasetite for
human experts; they are permanent; they can be fmed
different knowledge systems, which increases fonetiity;
they increase reliability since they minimize esrothat
humans are prone to; and if designed by multipfeees, can
increase confidence. Finally, they lack human eomg;
which are sources of mistakes in human based sgsténe
advantages of rule-based expert systems are nhdlt#od
they can considerably facilitate human life for thetter. In
this paper, we present and describe two
recommender systems projects, both in the domain
university education [16].

A. Max-Min Composition

Let X, Y and Z be universal sets and let R be ati@t that
relates elements from X to Y, i.e [6].

RESEARCHDESIGN

R= {((xy), ur(xy))} xUO X, yllY, RO XxY 1)
And
Q={((y.2. uaoly:2)} yL'Y,zL1Z, QU YxZ @

Then S will be a relation that relates elementxXithat R
contains to the elements in Z that Q contains, i.e.
S= {((x,2), us(x,2))} xU X, z0z, SLJ XxZ
Max-Min Composition is then defined as

3)
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Many domains

retrieve fully the needed

rule-based

of operators: selection, crossover, and mutatidh [1

C. Determining Membership Function Using Max-Min
Composition and Genetic Algorithm

Assume that we have Fuzzy Logic System with tileviong
rules.
If Xis X1 and Y is Y1 then Zis 71
If Xis X1 and Y is Y1 then Z is Z3
If Xis X1 and Y is Y1 then Z is Z4
If Xis X1 and Y is Y2 then Z is Z1
If Xis X1 and Y is Y2 then Z is Z2
If Xis X1 and Y is Y2 then Z is Z3
If Xis X1 and Y is Y4 then Z is Z1
If Xis X1 and Y is Y4 then Z is Z2
If Xis X1 and Y is Y4 then Z is Z3
That can be represents in relation matrix froto y and
fromytoz
Assume that matrix relation fromto y andy to zis as
follows.

CoNoUA~AWNE

x[o1 02 0.7
R =x, {0.3 05 0 02 1 w
(08 0 1 04 03]
of S
o | <3 <1 <1
v[09 0 03 04
v, L}.z I 08 0
R,=y,/08 0 07 1
v, 04 02 03 0
1{ 0 1 0 08

And Max-Min Composition from R1° R2 (x, z) can we
calculate.

My R‘[,\',_:, )= max (min(0.1,0.9),min(0.2,0.2),min(0,0.8), min(1,0.4).min(0.7,0))

=max(0.1,0.2,0,0.4,0)=0.4

Similarly we can determine the grades of member&higll
pairs, as we obtain:

(x.2,)i=L23,j=....4
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Z z, Z Z4

x, ro.4 0_-} 03 07 Table 2. First Iteration Using GA
RoR,—x,[03 1 05 08 ST T« Q¢ 00w u v w %
- (Bin) (Bin) (Bin)
x[08 03 07 |1 WOl OO0 OOl 7 42 W 02 A 0N 0§ B 4B 47 a9
Based on the existing relationship, suppose thaspezify g:mﬁ:m :m: ;f '0“-3030003 "i; f;"f? ;; ;3; ;-2329? ‘:'ﬁm ;.??ZEE ;‘ﬂm ;‘?22?9
that the only relationship that has degree> = Ohiclv we ‘ - P ' S .
. . v 100100 001001 100011 36 2 I R T T RY R TN/ T R T
will use. Data set that can we get from Max-Min Q@SItion w9 4% 15 4% @ 24 12 L3 A8 AR 48

are data set that has degree relation: 0.7 andre8e are 5
data set. Suppose a data set from a relation af X ¢an be
seen in Table 1.

The interval of Triangular membership Function thm
determied by genetic algorithm can be seen in Eigur

5. We can compute the fitness of each strings.

Fitness 1= 2200 ) (Z'-7)? =23.7775
Table 1. Data Set of Relation X to Z . a2
Fitness 2 = 2200 Y (Zi'-7)? = 1800.576

Data Number X Z i S 2
1 1 > Fitness 3 = 2200 Y (Zi'-7)* = 2198.678
2 2 3 Fitness 4 = 2200 Y (Zi'-7)? = 1821.698
3 4 5
4 6 7 Fitness 5 = 2200 Y (Zi'-7)” = 1026.938
5 7 8

Best Fithess = 2198.678
. Determine the value of C1, C2, and C3 from thetbe
fitness.
According to the best fitness, we can see the vafuel
is 21, C2 is 25 and C3is 42.

7. We can go to the next generation or the nexatfien if
we want to get the better fitness than the fitnigem
generation 1.

At this step we can go to the step of genetic algyor,

— P = Toper such as: selection, crossover, and mutation

Lirnit Lirit 8. Process will stop if we feel that we get the Higsess or

Fig. 2 Triangular MF the fitness value seems not to be changed to next
generation.

The process of the genetic algorithm are as follows

1.

Encode the parameter set (C1, C2, C3) in the foirfit

Strings D. Mapping of Relations

Bit strings are created with random assignmentahd 0 Some special instructions are defined to allowdbénition
at different bit locations. We start with an initia of a mapping that use relations. Figure 3 presems
population of five strings (Table 2, column 2). T®igings anonymous example of a mapping of relations whaee t
are 18 bits in length. The first 6 bits encode @ the mapping A2C defines the relation between the aatioos bs
middle 6 bits encode the C2, and the last 6 bite@a the and ds of respectively the classes A and D. ThepmgB2D
Cs. defines the relation between the classes B andD [1
Column 2, 4 and 6, shows the decimal equivalertheir =

binary coding. These binary values for C1, C2, @8care - - = -
the mapped into values relevan to the problem thgse <mapping
equation. A

Ci= Cmin+ 2 (CMaxi - Cmini) ©®) [y +bs My v

2- -1 B «Mappings D

(Here, Cmin i= -2 and Cmax i = 5, usingsth@alues we p—

compute C1, C2, and C3) N
These values shown in Table 2 column 8, 9, 10afhd,12 Fig. 3 An Example of Mapping Relations
are the values computed using the equation.
Z’=C1X+C2+C3 (6) The mapping of a relation is divided into two parits

Using the values 0f C1, C2, and C3 from column,3&riel  cardinality definition and the optional ordering thie target

7, respectively for different value of x as giverliable 1. relation elements. The previous paragraph concgrnin
These computed values for the Z' are compared th#tZ  navigation explained that it is possible to selstime
as the correct values, and the square of the emrorselements from a list, this principle is used to esrdarget
estimated for each string. relation elements as illustrated in the differentlofving
This summation is subtracted from a large numbeat t definitions of A2C [10]:

can be determined according to the problem (22aBi; " 1: A2C: A->C{

problem) to convert the problem into maximizatiore: 1 -> |ds|

problem. 3: bs[1] -> ds[1]

4:} ()
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Line 3 of the previous code creates a mapping letvibe
first element of both lists. The cardinality of idsset to 1 at
line 2. The next example presents another posditfiaition
of the mapping A2C [10].
1: A2C:A->C{
2:bs->ds

3:} (8)
Line 2 of the above code is equivalent to bs[i] dsfi],
i=1..|bs|. It establishes a mapping from each ektmEbs at
the position i to each element of ds at the sansétipo, with

i €[1, |bs|]. The following example describes a las$sible

definition of the mapping A2C [10].
1: A2C: A->C{

2: |bs|/2 -> |ds|

3: bs[i*2-1] -> ds][i], i=1..|ds|

4:} )

This code puts in relation each element of bs baingn odd

3. Class Diagram C represents relation of A and B
4. Class Diagram D represents target Z

bs represents a relation of X and Y with A and Bis
represents a relation of B and C with target C.okding to
bs[i*2-1] -> ds][i], we can get a rule like this.
1. IfBisBland CisCl and Xis X1 and Y is Y1 aid
is Al then Zis 71
2. IfBisB3and Cis C3 and X is X3 and Y is Y3 aid
is A2 then Z is Z2

If we change the represent of class diagram lile th
1. Class Diagram A represents relation of Aand C
2. Class Diagram B represents relation of X and Y
3. Class Diagram C represents B
4. Class Diagram D represents target Z

bs represents a relation of X and Y with A and RBis
represents a relation of B and C with target C.okding to

position (i2-1) with the element of ds at the position i, with bs[i*2-1] -> ds[i], we can get a rule like this.

€ [1, |ds]|]. Line 2 defines that the cardinalitydsfis the half
of the cardinality of bs.

E. Determining Fuzzy Knowledge Based Using Schema
Mapping Translation

Assume that we have Fuzzy Logic System with thleviang

rules.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.

Example:
1. Class Diagram A represents relation of X and Y
2. Class Diagram B represents relation of A and B
3. Class Diagram C represents relation of B and C
4. Class Diagram D represents target Z

If XisXlandYisYlthenZis Z1
If XisX2and YisY2thenZis Z2
If Xis X3 and Yis Y3 then Zis Z3
IfAisAland BisBlthen Zis Z1
If Ais A2 and B is B2 then Z is Z2
If Ais A3 and B is B3 then Z is Z3
IfBisBland Cis Clthen Zis Z1
IfBis B2 and Cis C2 then Zis Z2
If Bis B3 and Cis C3 then Zis Z3

According to our mapping translation schema thatlmseen
in Figure 2.

bs represents a relation of X and Y with A and Ris
represents a relation of B and C with target C.okding to
bs[i*2-1] -> ds[i], we can get a rule like this.
1. If XisXland Yis Y1l and Ais Al and B is B1 afd
is Clthen Zis Z1
2. IfXis X3 and Yis Y3 and A is A3 and B is B3 afd
is C2 then Zis Z2

The position of class Diagram A, B, and C can bange
between them. As example, if we change the reptesen
class diagram like this:

1. Class Diagram A represents relation of B and C

2. Class Diagram B represents relation of X and Y

1. IfAisAlandCisCland Yis Y1l and X is X1 aBd
is Bl then Zis Z1

2. IfAisA3and Cis C3 and Y is Y3 and X is X3 aBd
is B2 then Zis Z2

IV. DISCUSSION

Max-Min Composition and Genetic Algorithm can besds
for determining membership function of fuzzy logldsing
Max-Min Composition, we have a degree of relatigmsh
between the elements. Relations on fuzzy stating $tcong
the relationship between elements in fuzzy. Thédiglegree
of relation level means the stronger the relatignsetween
elements. Based on the strength of that relatipnald can
determine the interval membership function by usiag
genetic algorithm. In the process, we can encode th
parameter set (C1, C2, C3) in the form of Bit fsinThe
Strings are 18 bits in length. The first 6 bits @he the C1,
the middle 6 bits encode the C2, and the last$dritode the
C3 and the calculate a binary of C1, C2, C3, amst #he
value of Z’. Next process is calculate the fitnesdue.
According to the best fitness, we can calculate vhieie of
C1, C2, and C3.

There are several methods that can be used imdateg the
combination of rules in fuzzy logic. One of the d is
using schema mapping translation.

Schema mapping translation generally used in deocam
or database for defining a relation between twesws and
it interoperability. We can use the concept of thehema
mapping translation in mapping a relation of fuzpgic
rules, so we can get the combination of the ruéesiling to
this relation.

Our research uses the schema mapping translation i
optimization of fuzzy knowledge based. The resdltthos
research is the modification of the schema mapping
translation can be used in optimization of fuzzywredge
based.
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(2]
V. CONCLUSION

The conclusion that can be drawn from this studyas [3]

follows.

1.

2.

Using Max-Min Composition, we have a degree of
relationship between the elements [4]
Genetic Algorithm can be used determining
membership function of fuzzy logic. [5]
Value of C1, C2, and C3 from the best fitness lamsed
as an interval of membership function in fuzzy togi
Schema mapping translation generally used in deoum (6]
or database for defining a relation between twcesds [7]
and it interoperability. We can use the concepttio$
schema mapping translation in mapping a relation of
fuzzy logic rules, so we can get the combinatiorthef [8]
rules according to this relation. (9]
According to our research, we can know that detd@ng

the combination of the fuzzy rules will become Hidlilt
process. The knowledge based that represents by the
combination of rules determining the performanceheaf 10]
fuzzy logic, as it main function for capturing huma
technology.
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