Dynamic-Link Rule Base in Fuzzy Inference System

Sinn-Cheng Lin
Department of Educational Media and Library Sciences,
Tamkang University,
Tamsui, Taipei, Taiwan, R.O.C.
sclin@mail.tku.edu.tw

ABSTRACT

In this paper, a dynamic-link rule base (DLRB) is introduced to
the fuzzy inference systems for the purpose of speeding up and
simplifying the fuzzy reasoning. Conventionally, a standard fuzzy
inference system consists of a fuzzification interface, an inference
engine, a fuzzy rule base and a defuzzification interface. The
reasoning procedure of such an architecture always includes
going through the entire rule base rule by rule, regardless of
whether the rules are fired or not. It is therefore not very efficient.
To overcome this shortcoming, this paper proposes a new
reasoning mechanism by adding a dynamic-link rule base
between the original rule base and the inference engine. The
fuzzy inference system with a dynamic-link rule base is called a
Dynamic-Link-Rule-Base-Fuzzy-Inference-System or DLRB-FIS
in short. In the DLRB-FIS, only the fired rules, whose firing
strengths are not equal to zero, are included for inference. The
mathematical foundations, theorems and architecture of the
DLRB-FIS are presented in this paper. A numeric example is also
given for verifying the practicability of DLRB-FIS. The DLRB-
FIS proposed in this paper has a general-purpose architecture.
Therefore, it can be applied to many kinds of fields, such as fuzzy
control, fuzzy image processing, fuzzy decision making, and
fuzzy pattern recognition ... etc.

Keywords: fuzzy inference system, DLRB-FIS, dynamic-link rule

base.
1. INTRODUCTION

In the real world, imprecision is one of the important contributing
factors to human thinking and intelligence. For instance, consider
a man-car-driving system. A driver does know how to handle a
car by his hands and legs, but his brain does not precisely
calculate the angle of the steering wheel, the speed of the car ...
and so on. In fact, the control actions of human operators simply
follow certain linguistic rules such as "IF something happens
THEN do some actions". Since L. A. Zadeh introduced the fuzzy
set in 1965 [1] and approximated reasoning in 1972 [2], there had
been a fundamental theory to deal with the linguistic information
of human thinking mathematically. Nowadays, fuzzy inference
systems based on the fuzzy set theory have been applied to a wide
range of fields such as industrial process control [3], pattern
recognition [4], management [5], expert systems [6], medical
sciences [7]... etc. Most of these applications use the fuzzy
inference systems that have a standard architecture [8]. That is,
they are organized by four main components: 1) fuzzy rule base,
2) fuzzification interface, 3) fuzzy inference engine, 4)
defuzzification interface. This standard architecture of fuzzy
inference systems is shown in Figure 1. The fuzzy reasoning
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procedure in Figure 1 can be summarized as follows: First, the
fuzzification interface converts the crisp input values to fuzzy
values and feeds these fuzzified information into the inference
engine. In where, secondly, the fuzzified information is compared
with the premise parts of rules in the fuzzy rule base for
computing the firing strength of each rule. Thirdly, inference
engine uses the firing strength to determine the corresponding
output fuzzy set. Finally, the fuzzy information inferred by the
inference engine is sent to the defuzzification interface and
converted to crisp output value.

In most situations, the reasoning procedure progresses by going
through the entire rule base and taking fuzzy implication on every
rule regardless of whether the rules being dealt with are fired or
not. Clearly, it takes a tremendous amount of computation time
and reduces the efficiency of a fuzzy inference system. Especially,
in the case of large-scale systems with large number of rules, the
reasoning time may grow exponentially with a significant
increase in the size of the rule base. Consequently, the fuzzy
inference system may become unrealizable. In this paper, a new
architecture of the fuzzy inference system was proposed. A
dynamic-link rule base (DLRB) was introduced into the
conventional fuzzy inference system for the purpose of
dynamically skipping the unfired rules and linking the fired rules
during the reasoning procedure.
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Fig. 1. Conventional fuzzy inference system

This paper is organized as follows: after the introduction, Section
I describes the mathematical foundations of DLRB. Section III
presents two main theorems of DLRB, which constitute the basic
principles for creating a DLRB-FIS. The architecture of DLRB-
FIS and a dynamic-link algorithm for implementing the DLRB
are given in Section IV. Section V presents some numeric
examples and related discussions. Conclusions are drawn in
Section VI.

2. MATHEMATICAL FOUNDATIONS

This section briefly describes the principles and definitions of
fuzzy inference systems [1][2][8]. According to the results
reported by Wang [9], a multi-input-multi-output (MIMO) fuzzy
inference system can always be separated into a group of multi-
input-single-output (MISO) fuzzy inference systems. The scope
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of this paper is limited to the multi-input-single-output fuzzy
inference system.

Consider a fuzzy inference system that has » input variables
x, €U, ,i=1,2, .., n, and one output variable y eV . Then the
system can be denoted as a mapping f:U —>V, where
U=U,xU,x...xU, cR" is the input space and ¥ c R is the
output space.

N
Definition 1: Fuzzy Rule Base: A fuzzy rule base, RB= UR(“ s
J=1
is a union of N fuzzy rules. Each rule R‘” can be expressed as
RY :IF x,is X and x, is X{” and...and x, is X\

)
THEN yisY? (

where the fuzzy sets X’ in U, and Y in V are called input
and output linguistic labels (or linguistic values), and
characterized by the membership functions X”(x,),and Y’ (y),
respectively.

Definition 2: Firing Strength: The firing strength of the j-th rule
is defined as

RO =X (x)

where x=[x, x,...x,]* denotes the input vector, ~ denotes

the "and" operators such as min, algebra product or any T-norm

8].

Definition 3: Completeness: A fuzzy rule base, R, is said to be
complete if for any value of x e U , there at least exists a fuzzy
rule R such that its firing strength is not equal to zero. i.e.
VxeU,3,st. RV (x)#0.

Definition 4: Consistency: A fuzzy rule base is said to be
consistent if for a certain value of x, €U, there exists a fuzzy
rule R® with R®(x,)=1,thenforall j#k, RV (x,)=0.

Definition 5: Pseudo Trapezoid-Shaped (PTS) Function [10] and
PTS Fuzzy Set: Define the continuous function

I(x), xelab)

F bued,h) h, x e[b,c]

. ,C,a,n)=
(xa, D(x), xe(c,d]
0, x &[a,d]

as PTS function, where a<b<c<d, his the height of F, I(x)
is a strictly monotone increasing function in [a, b), D(x) is a
strictly monotone decreasing function in (¢, d}: If a fuzzy set F
has a PTS  membership function, denoted by
F(x)= F(x;a,b,c,d,h), it is called the PTS fuzzy set. When 4 =
1, i.e. the PTS fuzzy set F is normal, the membership function of
F can be simplified as F(x)= F(x;a,b,c,d). Obviously, the
fuzzy sets with S-shape, Z-shape, PI-shape, triangular shape and
trapezoidal shape membership functions are all PTS fuzzy sets.

Definition 6: Complete partition: The linguistic label set
{A“’,A‘”,...,A“’} is said to be a complete partition on U if for
any xel , there at least exists 4, 1</<L, such that
AD(x)#0. :

Definition 7: Consistent partition: The linguistic label set
{A"), AP, ...,A“)} is said to be a consistent partition on U if for
some value of x, eU, there exists A% (x,)=1, then for all

l#k, 1SISL, A9 =0
3. MAIN THEORY

In reality, the first step of designing a fuzzy inference system is to
determine how to partition the input and output space, and define
the corresponding linguistic labels. In this paper, the input space
U, (i=1, 2, ..., n) and the output space V are partitioned into L,
and L, fuzzy regions, respectively. The corresponding input and
output linguistic labels are defined in the following table:

b asidhis, -

x, €U,

yeV {B"’,B"’,...,B“‘”}

Table 1 The input/output variables and their corresponding
linguistic labels

Clearly, the relationships between the linguistic labels, X”,¥",
in (1) and the linguistic labels A™®’, B“ defined in Table 1 are

X9 e {Ai(’v’ [, =1, 2,...,L,—}
Y9 e {B“” [ =1, 2,.‘.,L,,}

Therefore, the fuzzy rules, RY, defined in equation (1) can be
rewritten in the following form:

; Wy eils) . T .
RV = RUh-dnle) (TR x, js A" and x, is A" and---and x, is 4™

THEN y is Y%

2

h=i+l

with j=1, +2[(1,. —J)HL,,] and I =1,(j).
i=1

According to the results of Zeng and Singh's work (Lemma 1 and
Lemma 2 in [10]), we can obtain the following lemma directly.

Lemma 1: Let the sets AW (I, =1,2,..,L)in
U, ={u,, 4,16 = 1, 2, ..., n) be normal, complete and consistent

partitions with Pseudo Trapezoid-Shaped (PTS) membership
functions

fuzzy

A,.“’)(x,.) - A,.(")(x,.;a,.“”,b,.“",c,.“’),d,.("’)
where [, =1,2,..,L and 4" < 4® <...< 4", Vi, then
1) =ai<l)jl =di(L’)
2) ¢ <a®<...<a™andd® <d® <...<d"
3) C',(’l_l) Sa,.(") <di(l.—l) Sb,.(") SC,.“')

Proof: Omitted.

Before introducing the DLRB into the fuzzy inference system, we
first present some important results.
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Theorem I: Let input linguistic labels of i-th input variable x,,
ie. (I,=12,.,L) in U, =[u,,u;] (i =1, 2, .., n), be normal,
complete, consistent partitions with PTS membership functions

A(")(X)—AM)(X'G(“ b(’/) c(h) d(’/))
i (R % Y b %
where [, =1,2,...,L . Then for any x, eU,, the membership
grades are given as
nifx, e[a®,d* "1 €{1,2,...L}, then
DY (x), k=1-1

%), k=1,
0, kefl,..l;-2,+1..,L)

A4 (x) =

i i

2)ifx, e(d"™,6)1, €{1,2,.., L}, then

1%(x), k=1
Av(k) Y= i il i

3)ifx, e (5,",¢*1l €{1,2,..,L,}, then

, k=1l

49(x) ={0 ol

4)ifx, e(c;”,a""1,1 e{1,2,..., L}, then

k#l,

>

A% (x)= {D"(k)(x.» ) k=1,

5)ifx, e (a,"",d 1,1, €{1,2,..., L}, then

D (x,), k=1

AP (x) =117 (x), k=141

0, ke{l,..l -2,1+1,..,L}
where 4% =4, 4%(x)=D"(x)=0, for k < 1, and
a®=d", AP(x)=1'(x)=0,fork>L;.

Proof: Since the proof of 4) is similar to the proof of 2), and the
proof of 5) is similar to the proof of 1), only the proof of 1), 2)
and 3) is given in the following.

D if x e[a®,d*"]),l, e{1,2,..,L}, according to Lamma 1(1),

(2) and the definition of A" (x,;a",b",c™,d") we have
4" << <x,5d" P <p? < <a™

that is

)™ <x, <d“™, it implies A® (x,)= D® (x,)for k=1, -1

ii)a® <x, <b™, itimplies A*(x,)=1I%(x,)fork =1,

i) d® <. <d®? <x, <a"" <. <a™, it implies

AP(x)=0,forke{l,....l =2, +1,...,L}

Similarly, the proof of 5) can be given in the same way.

2)if x, e(d"",6"),1 e{1,2,...,L}, we have
M <a® <d¥P <x, <b® < < g™
therefore
ya® <x, <b®, thisimplies A®(x,)=I"(x,)fork =1,
ii)d® < <d"P <x <a <o <a™, it
implies A (x,)=0,fork #1,.
Similarly, the proof of 4) can be given in the same way.
3)if x, € (d",e™1,1 €{1,2,..., L}, then we have
d'P <b® <x, <b® <™ < g™
hence
)b <x, < ¢, this implies A®(x,)=1fork =1,

i) d® < <d" <x, <a" <. <a® it

implies 4% (x,) = 0,for k # /,.
Based on theorem 1, we have the following theorem.
Theorem 2: Let the input linguistic labels 4% in U,(i=1,2, ..,

n, [,=1,2, ., L) be PTS, normal, consistent and complete,
then

1) The fuzzy rule base
4" hdgadily)
R=| |RY = RSl
g h=l,zL..J.L
le(l.2, . L,}

is complete. Where N = HL,. and j=1I + Zl:(li - l)ﬁ L,]
i=l i=l

h=i+]

2) For -any input value of xeU, there are at most 2" rules
which have nonzero firing strength.

Proof.

1) If  linguistic label sets {4” |i=12,..,L},i=1,2, .., n,
are all complete partitions, then for any value of inputsx, e U, ,

there at least exists a label, say 4™, such that A®’ =0 . That is

>

there at least exists arule RV, j=1 + Z[(k,. - I)H L,,} , whose
i=l

h=i+l

firing strength RY)(x) = ﬂ A%(x,)#0, ie., Ris complete.

i=l

2) Since A™'s are PTS, complete and consistent, from Lemma 1,

the input space U, =[u,,#,]=[a®, d{*’], which can be rewritten
as aunion of (4L, +1) sub-interval, i.e.

U=\ {[al_u,i’diu.—n] LA, bW U™, ] }u[a,“"",d,.‘“]

=1

i

where a“™" =d"™ . According to Theorem 1, we can see that
for any input variable x, eU,, there are at most 2 membership

functions whose membership grades, 4 (x,), are not equal to
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zero. This implies that in the complete fuzzy rule base, R, there
are at most 2" rules have been fired.

4. ARCHITECTURE OF DLRB-FIS

Figure 1 shows the basic configuration of the conventional fuzzy
inference system. Based on Theorem 2, if the input linguistic
labels are PTS, normal, consistent and complete, then the number
of fired rules is significantly less than that of original rules. For
example, let a complete and consistent PTS-FIS with n=2 and
L =L,=5, then the number of rules in this FIS should be

N =1L xL,=25. But according to Theorem 2, the number of
fired rules, say N,

than N. Therefore, it is reasonable to replace the original rules by
the fired rules during the inference procedure for achieving higher
efficiency. In this section, a new architecture of fuzzy inference
system called Dynamic-Link-Rule-Base Fuzzy Inference System
(DLRB-FIS) is proposed. The DLRB-FIS has six components: 1)
original rule base, 2) rule selector, 3) dynamic-link rule base, 4)
fuzzifier, 5) fuzzy inference engine, 6) defuzzifier.

The configuration of DLRB-FIS is shown in Figure 2. The details
of each component are described in the following.

, should be N, <4, it is consequently less

Original
Rule Base

Rule

Selector

Dynamic-
Link
Rule Base

y

Fuzzy

| Fuzzification

> Infe

.| Defuzzification |
crisp Interface fuzzied i inferred Interface crisp
. . . Engine
input . fuzzy output

value information value

Fig. 2. The architecture of a fuzzy inference system with DLRB
A. Original Rule Base

The original rule base, R, consists of a collection of fuzzy IF-
THEN rules RY”'s, which is in the form of equation (2). In
general, R can be expressed in the following form:

LA

R:= URU) UUR(M dnils)

isl f=t

where I, =/ (j)and j=1, +Z[(1 1)]‘[4,1\/ HL

h=i+]

Figure 1, the (original) fuzzy rule base is the heart of the
conventional FIS in the sense that the other three components are
used to interpret these rules. However, in the proposed DLRB-FIS
only the rules that have nonzero firing strength are inferred.
Before introducing the DLRB into fuzzy inference systems, we
propose an index oriented representation method for a fuzzy rule
base.

Based on the fuzzy theory [8], the fuzzy rule RY described in
equation (2) can be viewed as a fuzzy implication of

RO 4% (x) A AP () Ao n A9 (x,)| > B

Clearly, we can use only the index of each linguistic label to
represent an individual rule, i.e.

RO Al Ly L} > L ()

Then, the whole fuzzy rule base can be represented as

R:lxI,x-x] —1
where I, ={1,2,---,L,},i=12,--,n, I ={l (1),/,(2),--,1,(N)}.
B. Rule Selector

The purpose of rule selector is to pick out the fired rules and
reject the non-fired rules. The criteria of rule selection are
summarized as the following crisp rules:

IF x e[a™,d%"] THEN I'={, -1}

IF x e(d",a""] THEN ['={l}

IF x e(a",d*®] THEN I'={,,I +1}
where [,' form a set of dynamic input index.

C. Dynamic-Link Rule Base

The dynamic-link rule base, R’, consists of a collection of fired
fuzzy IF-THEN rules, which have nonzero firing strength. The
index representation of R’ can be expressed in the following
form:

R:I'x 1) %

j= 1"'+i[(/, =[] L,,}, I'e 1,,'} .

xI'—>1"'

i=l h=i+l

where [ '= {l,,(j)

According to Theorem 2, without the loss of generality, it is
assumed that L, =L foralli. Then the number of rules in a

conventional FIS is given by N =L", provided that it has PTS
membership functions and a complete rule base. On the other
hand, in the DLRB-FIS, the number of rules is given by N <2".
Some values of N and the factor pairs {n, L} are listed in Table 2.
One can see that in the DLRB-FIS, the value of N is not related to
changes in the value of L. However, in the conventional FIS, N
increases exponentially along with the increase in n and L.

Type of | N \?

SN 1 (23] 4 5 6 7
2 21418 ] 16132 ] 6 128
3 31927 81 | 243 729 | 2187

Conven |4 4 1 16| 64| 256 | 1024 | 4096 | 16384

tional

FIS |5 5 |25 {125] 625 | 3225 | 16125 | 80625
6 6 | 36 |216] 1296 | 7776 | 46656 | 279936
7 7 | 49 343 2401 [16807 | 117649 | 823543

FDILSRB' any (<2 (<4 |<8|<16 |<32 (<64 [<i28

Table 2. The number of rules

The above description presents an interesting fact: In the
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conventional FIS, the number of fuzzy rules increases
exponentially along with the increase in the number of input
linguistic labels (or equivalently, the number of partitions on the
input space). However, in the DLRB-FIS, the number of fuzzy
rules is independent from the number of input linguistic labels.
This is a notable feature of DLRB. In most applications of FIS,
such as decision-making, control, modeling or prediction, a
smaller number of partitions on the input space always achieves
higher precision inference results. The trade off is the exponential
growth of the number of rules when the conventional FIS is used.
However, this shortcoming can be avoided in the proposed
DLRB-FIS. The reason is that at most 2 linguistic labels for each
input variable are triggered and linked, regardless of the number
of linguistic labels (partitions) present.

D. Fuzzy Inference Engine

In the fuzzy inference engine, fuzzy principles [9] are used to
combine the IF-THEN rules into a mapping between the fuzzy
sets in input space and those in output space. There is a slight
difference between the conventional FIS and the DLRB-FIS. In
the conventional FIS, the inferences are applied to the original
rule base. However, in the DLRB-FIS, the inferences are applied
to the dynamic-link rule base.

E. Fuzzification Interface
The fuzzification interface, also called the fuzzifier, performs a
mapping from a crisp point x, € X onto a fuzzy set 4, in U.

The function of the fuzzifier of the DLRB-FIS and that of the
conventional FIS are identical. There are at least two possible
choices of this mapping [9] — singleton fuzzifier and nonsingleton
fuzzifier. If A, is a fuzzy singleton with support x,, then the

fuzzifier is called a singleton fuzzifier, otherwise ‘it is a
nonsingleton fuzzifier. Practically, the singleton fuzzifier is
suitable for major applications. As a result, most researchers use
this type of fuzzifier to perform fuzzification.

F. Defuzzification Interface

The defuzzification interface, also called the defuzzifier,
performs a mapping from a fuzzy set Be V onto a crisp point
yeY . The function of defuzzifier of the DLRB-FIS and that of

the convention FIS are also identical. There are at least three
possible choices of this mapping [9]. They are maximum
defuzzifier, center average defuzzifier and modified center
average defuzzifier.

5. NUMBERICAL ILLUSTRATION

Consider a two-input-one-output fuzzy inference system. Let
x,,x, be the inputs and y the output.

Suppose that in this fuzzy inference system, there are five
linguistic labels defined in the input space of x,, and all of them

have PTS membership functions:

Al(l)(-xn)=F(xl;alsal’az’a:)
Al(z)(xl)=F(’xl;az’a3’a4’a5)
Al‘”(xl)=F(x,;a,,a,,a(,,a,)
AP (x) = F(x5 06,07, 0, @)
AP (1) = F (%30 Oy, X, A1)

Figure 3 shows the membership functions of the first input.

The membership functions of x,

A I I R

XX

a a a o a o Q O

Oy Q)

Fig. 3. The membership functions of the first input

Similarly, the second input x, also has five linguistic labels and
the PTS membership functions are defined as:

AP (%)= F(x,3 8, Br Br B3)
A;Z)(xz)=F(xz;ﬂz:ﬂvﬂuﬂs)
A;n(xz)=F(Xz;ﬂuﬂs,ﬂssﬂ7)
A0 (xy) = F(x, B35 o, Brs By)
A;S)(xz)=F(x2;ﬂu’ﬂ9’ﬁwsﬂw)

Figure 4 shows the membership functions of the second input.

The membership functions of x,

A;‘) A;z) Af) A;‘) A;?

X X

5 B B B B B B B B, B

Fig. 4. The membership functions of the second input

Therefore, we have L, =5 and [/, ={1,2,3,4,5}; L,=5 and
1,={1,2,3,4,5}. For the output y, define seven linguistic
labels with the following PTS membership functions:

(BOG) = F37,, 70072075
BO(3)= F(3:;72: 735745 75)
B3y = F(¥;74:75:76:77)
B = F(3,76: V25785 Ys)
BO() = F(3%:75: 75, ¥10:¥11)
B‘S)(y) =F(¥:710 V15 V125 ¥13)
BO(3) = F(¥: 7100 Y13 Y105 71s)

Figure 5 shows the membership functions of the output.

The membership functions of y

. BM B(Z) B® BW B® B® B?

X X

YWYy ¥ Y4 s Ye Y2 Ys Yy Y Tu

Yz Y324

Fig. 5. The membership functions of the output

By definition, the input and the output space are completely and
consistently partitioned by the input and the output linguistic
labels, respectively. Suppose that the IF-parts of the original
fuzzy rule base consist of all possible combinations of input
linguistic labels, and the THEN-parts are created by certain
expertise. Then the original fuzzy rule base is complete and
consistent. Table 1 shows the rule base in the form of a lookup
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table.

Y X2 ) @ 3) [O) (5
N a0 | A | e || 4
1

Al(l) B('/) B(7) B(7) B(ﬂ B(ﬁ)
AI(Z) B(s) B(e) B(s) B(S) B(S)
AX(J) B® B® BW B@® B®
Al(t) B® B® B® B® B®
AI(S) B B® B® B® B®

Table 3. The original fuzzy rule base

In Table 3, every cell corresponds to a certain rule. For example,
the entry of {4, A, B} (the shaded cell in the Table)
corresponds to the rule:

R" = RO¥9 : [F x is A” and x, is A? theny is B®
or in the index oriented form:
{3.2} >4
From Table 3, we have
L =17
1,=4{1,7,7,7,6,6,6,6,5,5,5,4,4,4,3,3,3,2,2,2,2,1,1,1,1}

Then for index representation, the fuzzy rule base shown in Table
3 can be represented as 1, x [, — I, as shown in Table 4.

(L1}-7]{(1,2)57|{1,3}>7/{,4>7[{1,5}>6
(2,1356]{2,2)>6[{2,3}56{{2,4)>5|{2,5)>5
(3,1}55[(3,2)>4[{3,3} >4 {3,4) > 4[{3,5) >3
(41342053 (4,3)>2| (4,4} 52| {4,552
(5.3)>1[{5,4)>1[{55)>1

(5, 1}-2[{52)>1

Table 4 Fuzzy rule base represented in the index form
Suppose that if x, =k, (t,) € (@,,a;) and x, = k, (1)) € (f,, f;) at
time instance ¢, then we have [,'={2,3},1,'={4,5} and
1,'={5,5,4,3} at t,. The dynamic-link rule base at ¢, therefore
has 4 rules (/,'x/,'— 1,'), as shown in Table 5:

{2,4} >S5
{3,4}>4

(2,5} 55
(3,5} >3

Table 5 The DLRB at ¢,

Moreover, if x, =k/(t,)=a, andx, = k,(t,)€(B,,5,) at time
Iy'={1},I,’={4}and I,'= {7} .
Therefore, the dynamic-link rule base at time instance ¢, has
only one rule, as shown in Table 6:

Table 6 The DLRB at ¢,

instance ¢, then we have

Since at -most 2 linguistic labels for each input variable are
triggered, in this example, there are at most 2> =4 rules are
linked to DLRB for inferring. On the other hand, the conventional
FIS has to process 25 rules. As a result, the computation load of
the fuzzy inference engine of DLRB-FIS is much lighter than that
of a conventional FIS.

6. CONCLUSIONS

The theory and the architecture of the fuzzy inference system
with a dynamic-link rule base (DLRB) were proposed. In the
conventional FIS, the number of fuzzy rules increases
exponentially along with an increase in the number of input
linguistic labels. However, in the DLRB-FIS, the number of fuzzy
rules is independent from the number of input linguistic labels.
Consequently, the rule base can be simplified and fuzzy reasoning
speeded up. In a lot of systems, such as fuzzy control, fuzzy
decision making, fuzzy image processing ... and so on, real-time
implementation is one of the most significant factors in design
requirements. Undoubtedly, for the purpose of minimizing the
inference load in real-time implementation, the DLRB-FIS should
be more effective than the conventional FIS.
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